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Abstract
Accurate information on the spatial-temporal distributions of air pollution at a
regional scale is crucial for effective air quality control, as well as to impact studies on
local climate and public health. The current practice of mapping air quality relies heavily
on data from monitoring stations, which are often quite sparse and irregularly spaced.
The research presented in this dissertation seeks to advance the methodologies involved
in spatiotemporal analysis of air quality that integrates remotely-sensed data and in situ
measurement. Aerosol optical depth (AOD) data from the Moderate Resolution Imaging
Spectroradiometer (MODIS) is analyzed to estimate fine particulate matter (PM2.5)
concentrations as the target air pollutant.
The spatial-temporal distribution of columnar aerosol loading is investigated
through mapping MODIS AOD in southern Ontario, Canada throughout 2004. Clear
distribution patterns and strong seasonality are found for the study area. There is a
detectable relationship between an AOD level and underlying land use structure and
topography on the ground. MODIS AOD was correlated with the ground-level PM2.5
concentration (GL-[PM2.5]) at various wavelengths. The AOD-PM2.5 correlation is found
to be sensitive to spatial-temporal scale changes. Further, a semi-empirical model has
been developed for a more accurate prediction of GL-[PM2.5 ]. The model employs
MODIS AOD data, assimilated meteorological fields, and ground-based meteorological
measurements and is able to explain 65% of the variability in GL-[PM2.5]. To achieve a
more accurate and informative spatiotemporal modelling of GL-[PM2.5], a method is
proposed that integrates the model-predictions and in situ measurements in the
ii

framework of Bayesian Maximum Entropy (BME) analysis. A case study of southern
Ontario demonstrates the procedures of the method and support for its advantages by
comparison with conventional geostatistical approaches. The BME estimation, coupled
with BME posterior variance, can be used to depict GL-[PM2.5] distribution in a
stochastic context. The methodologies covered in this work are expected to be applicable
to the modelling or analysis of other types of air pollutant concentrations.
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Chapter 1: General Introduction
1.1 Research background
Air quality has become a great concern to the public, researchers, and policymakers, as extensive research has demonstrated that air pollutants harm the health of
humans and animals, damage vegetation and materials, reduce visibility and solar
radiation, and affect weather and climate (Arya, 1998). Since anthropogenic disturbances
in the environment have increased substantially over the last century (Lophaven et al.,
2004), the composition of the air, as a consequence, has been significantly altered with
some substances present at concentrations considerably higher than normal ambient
levels. These substances are viewed as pollutants in light of their harmful effects on
human beings and the environment.
Air pollutants originate from various sources including urban and industrial
sources (e.g. power generation, industrial facilities, and traffic emissions), agricultural
and other rural sources (e.g. dust blowing and soil emissions), and natural sources (e.g.
forest fires and volcanic eruptions). Air pollutants are generally classified into two major
classes based on their matter state: gaseous pollutants (e.g. sulphur compounds and
nitrogen compounds) and particulates (e.g. smoke and dust). Particulate matter (PM) is
the general term used to describe a mixture of microscopic solid or liquid particles
suspended in the air. Emitted directly as particles or formed in the atmosphere by gas-toparticle conversion processes, PM is usually characterized according to an aerodynamic
size. Depending on the PM type, this aerodynamic size ranges from a few nanometers
(nm) to tens of micrometers (µm) in diameter. The mass concentration of atmospheric PM
1

with respect to size usually exhibits a distribution into one or more “modes” (e.g. fine
mode and coarse mode). A fundamental distinction between the fine and coarse particle
fractions lies in the source mechanisms that produce them (Brasseur et al., 1999).
Mechanical processes produce the relatively large particles (e.g. >2.5 µm) in the coarse
mode, while chemical transformations or combustion normally form the smaller particles
in the fine mode.
PM has been linked to public health by a number of researches (Costa and Dreher,
1999; Green and Armstrong, 2003; Lopez et al., 2005; Vandenberg, 2005). Particles of
different diameters have different health effects. In particular, fine PM (PM2.5) often
refers to particles that are 2.5 micrometer or less in diameter and may penetrate deep into
the respiratory system. It is widely agreed that higher concentration of PM2.5 may account
for increases in hospital admissions and deaths (Burnett et al., 1994; Wyzga, 1999; Brook
et al., 2002; Villeneuve et al., 2002). Children, elderly people, and people with asthma,
respiratory problems, cardiovascular or lung disease, are found to be most susceptible to
PM2.5 (Pope III et al., 1999; Kappos et al., 2004; Neuberger et al., 2004). Moreover,
PM2.5 is also responsible for environmental impacts such as damage to vegetation,
reduced visibility and so on (Eidels-Dubovoi, 2002). In some developed countries like
Canada, legislation and regulations have set limits on industrial emissions, enforcing the
use of filters in industrial chimney stacks, and the switch in heating fuel away from coal
and wood to oil and natural gas (Oke, 1987). This has resulted in a significant decline in
large particulate pollution. In contrast, the emission of fine particulates is much more
difficult to control and continues to be a threat to humans and the environment (Colls,
2002).
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Many pollutants, including PM2.5, remain in the atmosphere for long periods of
time. Due to the strong advection, convection, and turbulence in the atmosphere, these
pollutants are easily dispersed or transported from their sources to other areas. The
problem of air quality at any geographical location is often a mix of pollution originating
locally and transported from elsewhere. The impacts of pollution sources, landscape,
elevation, and meteorological condition make the concentration of a pollutant
considerably variable in both space and time. Accurate information on the spatialtemporal distribution of air pollution at a regional scale is crucial for policy makers to
make more informed decisions towards effective air quality control. It is therefore of
great importance to have a series of reliable models that represent seasonal and/or annual
air quality. These models not only provide evidence for locating pollution sources or
sinks and assessing the effects of the current environmental regulations, but also serve as
the basis for more advanced studies of air pollution impacts (e.g. health effects). At
present, however, the absence of such models makes it difficult to recognize the spatialtemporal patterns of air quality distribution.
In order to monitor ambient air quality regionally, a common practice in many
industrialized countries is to establish a network of stations equipped by receptors across
a region of interest. These stations usually provide time series data of major pollutant
concentrations near the ground, on a daily or hourly basis. However, due to cost
constraints, usually only a limited number of monitoring stations are installed despite the
great spatial variation of air pollution. The air pollution or air quality data acquired from a
single monitoring station usually only represents a relatively small surrounding area.
Interpreting the data from these monitoring stations can hardly offer a complete picture of
the regional air quality.
3

In practice, spatial interpolation is a commonly-used approach that approximates
the spatial distribution of an environmental variable based on point data. Geographic
Information Systems (GIS), enhanced by incorporating many functions of spatial
analysis, seem suitable for storing and analyzing the air quality data measured by the
monitoring stations. Nevertheless, an atemporal GIS and conventional spatial
interpolation techniques neglect essential dynamics of the natural processes in time and
do not consider important cross-correlations and causal dependencies in the composite
space/time domain (Christakos et al., 2001). A temporal GIS incorporating modern
spatiotemporal geostatistics (e.g. Bayesian Maximum Entropy analysis) is therefore
attractive in its more scientific manner of representing the space/time domain and an
increased capability of estimation.
Information extraction or derivation from remotely-sensed data plays a prominent
role in air quality assessment. Remote sensors have been designed and installed on
satellites or airplanes to acquire spectral information that can be used to derive
atmospheric parameters concerning air composition. It is important to capture the
variability of these parameters in both space and time and relate their distribution patterns
to climate, land use, and human activities. Furthermore, some of these parameters (e.g.
aerosol optical depth) have proven useful for estimating ground-level air quality. Such
predictions, using remotely-sensed data, are quite sensitive to various ground surface
characteristics and meteorological conditions (Liu et al., 2005). It therefore becomes a
necessity to consider these closely related factors in constructing the relationship between
certain remote sensing observations and the actual pollutant concentration. Yet, the
predicted ground-level PM2.5 concentration from remotely-sensed data cannot be treated
equal to the in situ measurements due to the considerable uncertainty associated with
4

these predictions. It has been a challenge to make use of such predicted data in modelling
the spatial-temporal distribution of ground-level PM2.5 concentration with a minimum loss
or abuse of information.
This doctoral research is designed to integrate satellite remote sensing and
ground-based measurement at the regional scale to model air quality (particularly PM2.5
concentration). Given the interdisciplinary characteristics of this research, a brief
introduction to four domains is provided.

1.2 Particulate pollution of air
Particulate matter (PM) originates from both natural and anthropogenic sources.
Natural particulates can originate from volcanic eruptions, dust storms, forest fires, and
sea spray. Human activities, such as the burning of fossil fuels in vehicles, power plants
and various industrial processes also generate significant amounts of PM. A wide variety
of chemical species can be found in atmospheric particulates, including nitrates, sulfates,
ammonium, organic material, crustal species, seasalt, and metal oxides. From these
species, sulfate, ammonium, organic and elemental carbon, and certain transition metals
are found predominantly in the fine particles (Seinfeld and Pandis, 2006).
The vertical dispersion of PM in the boundary layer is primarily caused by air
convection. Convection occurs when cool air overlies significantly warmer air (e.g. air
layer in contact with the earth surface). Since air is a poor conductor, heat energy is
transferred through the vertical movement of air. The PM trapped in the air is dispersed
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under strong instability. Simultaneously with vertical dispersion, atmospheric motion
diffuses and transports PM horizontally.
Pollutants from individual sources undergo successive diffusion and dispersion by
microscale, mesoscale, synoptic, and macro scale systems (Arya, 1998). Since most of the
air pollutants (including PM) are originally emitted from sources at or near the ground,
the boundary layer winds and turbulence play an essential role in dispersing and
transporting the pollutants. Air flow and turbulence in the boundary layer are in turn
largely dependent on characteristics (e.g. land cover, temperature, and moisture content)
of the underlying surface. On a short-term basis, both wind speed and wind direction in
the boundary layer have been observed to fluctuate unpredictably with time and space
(Arya, 1998). Such continuous fluctuation or turbulence fundamentally causes the
diffusion of pollutants released into the boundary layer. The boundary layer also evolves
as a result of the diurnal heating and cooling of the surface.
The process of air pollution is also affected by the larger circulation systems in
which the boundary layer is embedded. The mesoscale circulation systems associated
with certain geographical features (Atkinson, 1981) can induce, for instance, wind in
certain directions (e.g. sea and land breezes, upslope and downslope winds, and lee
waves). Higher up, synoptic systems tend to further spread pollutants over the much
greater horizontal extents of their circulations. An example is middle-latitude cyclones
and anticyclones that dominate the atmospheric flow and weather over much of the
middle latitudes; they affect the dispersion of pollutants released in the lower part of the
atmosphere on time scales of a day or longer (Oke, 1987). Cyclones with their strong
winds, clouds, and precipitation bands serve to remove the pollutants from the
atmosphere and dilute their concentration. At the macroscale, a global three-cell
6

circulation system (where the synoptic scale eddies are embedded) exists due to the
strong temperature gradients from the poles toward the equator. Air pollutants can be
transported globally by the macroscale circulations.
The atmosphere removes its pollutants in a number of ways such as gravitational
settling, surface adsorption, and precipitation scavenging (Seinfeld and Pandis, 2006).
The larger particulates (e.g. larger than 10 µm in diameter) tend to settle out of the air
relatively rapidly after emission, while smaller particulates remain suspended in the air
for much longer time (McMurry et al., 2004). The underlying surface acts as a pollutant
sink to a downward flux of pollution. The uptake of PM can be affected by the velocity of
the downward flux and the adsorbing ability (e.g. by foliage) of the underlying surface.
The fairly strong removal of PM is through the cleansing by precipitation. The rainout
and washout processes effectively rids the boundary layer of PM (Oke, 1987).

1.3 Approaches to modelling regional air quality
Traditionally, two types of approaches to modelling air pollution can be identified:
spatial interpolation and dispersion modelling (Briggs, 1992). The former approach
estimates values of pollutant concentrations at unsampled locations by interpolating the
measurements from sampled locations. In contrast, the latter approach intends to model
the dispersion and/or diffusion of air pollutants, mainly as a meteorological and chemical
process. Since the 1950’s, there has been a great number of air quality models developed
in the literature, within two major classes: (i) urban diffusion and air quality models
(Morris and Myers, 1990; Ulke and Andrade, 2001); and (ii) regional transportation and
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air quality models (Hass et al., 1997; Villasenor et al., 2001). Although quite different
from each other in terms of modelling principles and scales, these models usually require
a variety of common components such as sources and emissions inventory, transport
winds, diffusion parameterization, and chemical transformation (Seinfeld, 1986). Each of
them describes one aspect of the complex process of air pollution. With the increase of
understanding of air pollution mechanisms and enhanced computational capabilities
provided by high-performance computing and communication architectures, the U.S.
Environmental Protection Agency (EPA) spent efforts in developing a new generation
modelling system (Dennis et al., 1996) that is intended to be more general with multiscale and multi-pollutant capabilities. In practice, however, there is not yet a commonly
recognized model that is generally applicable or reliable. One possible reason is that
modelling pollutant dispersion has a number of constraints. The relatively severe data
demands of most dispersion models are often hard to meet. Although explicitly describing
the pollution process, a formal dispersion model may lead to unrealistic predictions as a
result of the insufficient knowledge or understanding of the modellers.
On the other hand, spatial interpolation has long been playing a crucial role in
many scientific fields including air quality mapping. The interpolation of air quality data
is often an application of established approaches and draws inspiration from similar but
older practices addressing other environmental issues such as temperature mapping. A
large variety of spatial interpolation methods have been developed, differing in their
assumptions, local or global perspective, and deterministic or stochastic nature. The
majority of these methods (e.g. inverse distance weighting, regression surface, spline, and
Kriging) can accept irregularly spaced point data for generating a regular grid of
interpolated points for contouring. Such interpolation methods have been applied to create
8

spatially distributed fields of air quality from individual points of pollutant concentration
(Anderson, 1970; Severs, 1971; Van Egmond and Onderdelinden, 1981; Stern et al.,
1994; Van Leeuwen et al., 1996; Lloyd and Atkinson, 2004; Wong et al., 2004).
However, it is argued that most of these traditional interpolation methods have a purely
instrumental character lacking physical and epistemological contents (Christakos and Li,
1998).
In addition, methods have been proposed not solely based on monitoring data but
also utilizing supplementary data such as land use (Jerrett et al., 2003) and surrogate
pollutant to further improve the interpolation (Falke and Husar, 1998). Attempts have also
been made to enhance the interpolation by acknowledging the available or obtainable
models for a specific air pollution problem (Stedman et al., 1997). Moreover, techniques
from the subject of so called Machine Learning (e.g. Artificial Neural Networks (ANN))
are adopted in the spatial interpolation of pollution data (Kanevski and Maignan, 2004).
They are recognized as being superior in extracting knowledge and structures from
nonlinear datasets. However, the validity of applying them to environmental data (e.g. air
quality data) is arguable. Kanevski and Maignan (2004) concluded that the usefulness of
ANNs has been somewhat disappointing; it seems that the straightforward application of
such black or grey boxes can have some disadvantages such as the weak ability to explain
the modelled results.
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1.4 Bayesian Maximum Entropy (BME) analysis
The development of Bayesian Maximum Entropy (BME) analysis stems from the
absence of a solid theory to support spatiotemporal analysis. Fundamentally, an
appropriate model is necessary to scientifically represent the space-time continuum. The
spatial temporal random function (S/TRF) model is described as a mathematical
construction that rigorously represents the distribution of natural or social fields across
space and time (Christakos et al., 2001). Mathematically, the S/TRF model is the
collection of all physically possible realizations concerning the spatiotemporal
distribution of a pollutant. By adopting the S/TRF model as the representation of the
space/time continuum, the innovative BME approach has been proposed (Christakos,
1998; Christakos, 2000; Christakos et al., 2001), offering a general and versatile scientific
framework for spatiotemporal analysis. The framework allows for the establishment of a
knowledge base that involves the acquisition and storage of the various forms of data and
other knowledge sources relevant to the problem under investigation. The spatial
inference is performed in a mathematically rigorous and methodologically systematic
fashion, with a minimum information loss or abuse. The approach has shown to be more
accurate and physically meaningful than classical geostatistics (Christakos and Li, 1998).
The BME analysis is attractive to modelling air quality in that it can provide a
realistic representation of the pollutant variation in the spatiotemporal domain, as well as
a quantitative assessment of its uncertainty. Christakos and Serre (2000) studied the
space-time distribution of PM10 (particulate matter that are 10 µm or less in diameter)
concentrations in the state of North Carolina using the BME approach. It was shown that
the estimation could be improved by properly incorporating the uncertain data from the
10

monitoring stations into the mapping process. Christakos et al. (2004) demonstrated the
usefulness and practicality of the BME techniques to integrate data from various
information sources (e.g. different instruments, empirical laws, and uncertain
measurements) and generate more accurate and informative maps of total ozone variation
in the atmosphere.

1.5 Aerosol retrieval from remotely-sensed data
Remote sensing provides an alternative data resource that is prominent in studying
air quality. Since launched in 1999, the Moderate Resolution Imaging Spectroradiometer
(MODIS) has provided an unprecedented opportunity to monitor aerosol (or particulate
matter) status and events, and examine the role of aerosols in the earth-atmosphere
system. MODIS is one of the key sensors aboard the Terra and Aqua satellites. It is an
optical scanner that observes the Earth in 36 channels with spatial resolution ranging from
250 m to 1 km. MODIS is designed to produce a wide variety of information about the
three spheres that human life depends on: geosphere, hydrosphere, and atmosphere. The
MODIS science team has correspondingly developed three groups of data products
(Atmosphere, Ocean, and Radiometric/Geolocation).
The MODIS Atmosphere products are provided in data level 2 (5-minute swath
granules) and data level 3 (global grid maps) according to the Distributed Active Archive
Center (DAAC) data level scheme. In particular, the MODIS atmosphere product (level
2) provides retrieved Aerosol Optical Depth (AOD), representing columnar aerosol
loading of the atmosphere, at a typical spatial resolution of 10 km. Two separate
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algorithms are applied for the retrieval of aerosols over land (Kaufman et al., 1997a) and
ocean (Tanre et al., 1997). Over land, the retrieval is made at two wavelengths
independently: 0.47 µm and 0.66 µm with the aid of additional information from the 2.12
µm channel. The strategy for retrieving AOD over land from MODIS is introduced by
Kaufman et al. (1997a). The satellite-measured reflectance ρ λ∗ at a particular wavelength
can be approximated by:

ρ λ* (θ 0 ,θ ,φ ) = ρ λα (θ 0 ,θ ,φ ) +

Fλ (θ 0 )Tλ (θ ) ρ λs (θ 0 ,θ ,φ)
1 − sλ ρ λs (θ 0 ,θ ,φ)

(1.1)

where ρ λα is the atmospheric path reflectance. Fλ represents the normalized downward
flux for zero surface reflectance. S λ is the atmospheric backscattering ratio. ρ λs is the
angular spectral surface reflectance. θ 0 , θ , and φ denote solar zenith angle, satellite
zenith angle, and solar/satellite relative azimuth angle, respectively. Each term on the
right hand side of Equation (1.1), except for the surface reflectance, is a function of the
aerosol type and loading (AOD).
The reflectance sensed by the satellite sensor is separated into the surface
reflectance and atmospheric path reflectance. Dark objects (e.g. vegetated and dark soil
surfaces) are selected for AOD retrieval for their relatively low reflectance (at the visible
bands). The older versions of the retrieval algorithm over land (e.g. C004-L) assume that
aerosol is transparent in the 2.12 µm channel. The empirical relationships (correlation)
between the surface reflectance at 0.47 µm/0.66 µm and 2.12 µm wavelengths have been
recognized by Kaufman et al. (1997b). The physical reason for the correlation was found
to be the combination of absorption of visible light by chlorophyll and infrared radiation
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by liquid water in healthy vegetation (Kaufman et al., 2002). Therefore, the surface
reflectance at 0.47 µm and 0.66 µm can be estimated based on the satellite-measured
reflectance at 2.12 µm. In contrast, the surface reflectance in the most recent version of
the algorithm over land (C005-L) is not only a function of the surface reflectance at 2.12
µm, but also a function of the scattering angle and the “greenness” (a parameter like the
well-known Normalized Difference Vegetation Index) of the surface in the mid-Infrared
spectrum (Levy et al., 2007). Moreover, the C005-L algorithm also assumes that the 2.12
µm channel contains information about coarse mode aerosol as well as the surface
reflectance. Assuming that a small set of aerosol types and loadings can describe the
range of global aerosol, the MODIS aerosol retrieval algorithm relies on a lookup table
(LUT) procedure (instead of real-time calculation). Radiative transfer calculations are
pre-computed for a set of aerosol and surface parameters. The satellite measured radiance
and the estimated surface reflectance are used as input into the LUT to retrieve AOD at
0.47 µm and 0.66 µm. The strategy of the algorithm is to examine the LUT to determine
the conditions that can best mimic the MODIS-observed spectral reflectance, and retrieve
the associated aerosol properties including AOD. The AOD at 0.55 µm can then be
obtained by interpolating the values at 0.47 µm and 0.66 µm using the Ångström
exponential coefficient, which is given by

τ1
τ2
α =−
λ
log 1
λ2
log

(1.2)

where τ 1 and τ 2 represent the AOD values at the wavelengths of λ1 and λ2 , respectively.
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Other satellites such as the Multi-angle Imaging SpectroRadiometer (MISR) have
the capability of retrieving AOD information as well. MISR contains nine push-broom
sensors that observe the same point on Earth at nine different view zenith angles along the
spacecraft track, in four spectral bands (0.45 µm, 0.56 µm, 0.67 µm, and 0.87 µm). Unlike
the algorithm of MODIS aerosol retrieval over land, the surface contribution in MISR is
estimated by taking advantage of differences in the angular signatures of the radiances. A
pre-computed LUT is also used in MISR aerosol retrieval. MISR AOD data (level 2) is
provided at a typical resolution of 17.6 km.

1.6 Study area
Ontario is one of the most industrialized provinces in Canada and has the largest
population in the country. This dissertation research focuses on the study area of southern
Ontario, which is the most populous region in the province and has concentrated
agriculture and industry. Extending over southern Ontario is mainly the physiographic
region of the Great Lakes-St Lawrence Lowerlands (Bone, 2005). Despite the absence of
any mountainous terrain, there are large areas of uplands in southern Ontario. A
continental climate affects this temperate mid-latitude region. The climate is highly
modified by the influence of the Great Lakes: the addition of moisture from them
increases precipitation amounts. A sharp contrast of thermal properties may induce lake
and land breezes at the lakeshore areas, when the synoptic air circulation does not prevail.
Southern Ontario is further divided into four sub-regions: Southwestern Ontario
(east roughly to Kitchener), the Golden Horseshoe (a densely populated and highly
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industrialized area that is centred around the western end of Lake Ontario), Central
Ontario (between Georgian Bay and the eastern end of Lake Ontario), and Eastern
Ontario (between the city of Ottawa and the St. Lawrence River). These terms are used to
refer to more specific geographic areas in this dissertation.
The latest studies indicate that areas of southern Ontario often experience the
highest levels of PM2.5 concentration in eastern Canada. Ontario is burdened with $9.6
billion in health and environmental damages each year due to the impact of ground-level
fine PM and ozone (Yap et al., 2005), which are generally attributed to the formation of
smog. It therefore becomes a continuing priority for environmental researchers and
government agencies (e.g. the Ontario Ministry of Environment) to develop a better
understanding of the distributional patterns of these pollutants at multiple scales.

1.7 Research objectives
This dissertation research aims to advance the methodology for modelling the
ground-level concentration of fine particulate matter (PM2.5) at the regional scale, and
enhance our understanding of its spatial-temporal distribution and variation. Four major
research objectives addressed as separate manuscripts designated as Chapters 2 through 5
include:

1. To examine the spatial-temporal variability of columnar aerosol loading at a regional
scale, and link the variability to the local land use structure and topography;
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2. To assess the utility of MODIS AOD in estimating the ground-level concentration of
PM2.5, and investigate the spectral, spatial, and temporal sensitivity of the AOD-PM2.5
correlation;

3. To develop a statistical model that can better predict ground-level concentrations of
PM2.5 based upon MODIS AOD and closely related meteorological measurements;
and

4. To integrate the model predictions and in situ measurements of ground-level PM 2.5
concentration in the framework of Bayesian Maximum Entropy analysis for the
maximum use of available information and more accurate modelling of the spatialtemporal distribution.

1.8 Thesis format and organization
This thesis is presented in manuscript format. Chapter 1 introduces the research
context of the thesis, and clearly describes the research goal and objectives. The chapter
also briefly explains the background knowledge and concepts that are necessary to
understand the thesis. Chapters 2 though 5 are presented in accordance to the four
research objectives stated in Section 1.7. Chapter 2 investigates the spatial and temporal
variability of columnar aerosol loading and discusses its relationship to land use and
topography. Chapter 3 quantitatively assesses the capability of MODIS AOD in
estimating ground-level concentration of PM2.5, and examines the spectral, spatial, and
temporal sensitivity of AOD-PM2.5 correlation. Chapter 4 establishes a model that
16

incorporates remotely-sensed satellite data, assimilated meteorological fields, and groundbased meteorological measurements for a more accurate prediction of ground-level PM2.5.
The predictive power of this model is examined and compared with that of others.
Chapter 5 proposes a method of integrating remote sensing-based prediction and groundbased measurement for modelling the spatiotemporal distribution of PM2.5. Chapter 6
provides a general discussion on some important issues relating to this research. Chapter
7 summarizes the content of the first six chapters by drawing conclusions.
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Chapter 2: The spatial and temporal variability of MODISobserved aerosols in southern Ontario

Abstract
This study investigates the spatial-temporal distribution patterns of aerosols in
southern Ontario, Canada. The aerosol optical depth (AOD) data from a limited number
of ground-based sunphotometers cannot represent the actual spatial variability of aerosol
concentration needed to support aerosol impact studies on the local climate. The AOD
data from the Moderate Resolution Imaging Spectroradiometer (MODIS) is found to vary
greatly across space and time in the study area. Regions heavily loaded with aerosols (e.g.
Toronto and Hamilton) in year 2004 are identified by mapping the yearly AOD mean.
Monthly means are also examined to demonstrate the temporal variation and seasonality
of AOD. The analysis of the Ångström exponent reveals a heterogeneous distribution of
aerosol size, which can further link to the aerosol composition. When the AOD data is
aggregated by municipal regions and watersheds, geographical zones are clearly
recognized for their comparatively higher or lower aerosol loading. Moreover, there
seems to be a positive correlation between AOD and the underlying land use structure.
Regional topography is also found to influence the regional aerosol distribution in
southern Ontario.
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2.1 Introduction
Aerosol refers to solid or liquid particles suspended in the air. Aerosol particles
mostly originate from the earth’s surface and are mixed mainly into the boundary layer of
the atmosphere. Aerosols scatter and/or absorb solar radiation as well as emitted and
reflected radiation from the earth (Ichoku et al., 2004). As a consequence, aerosol
particles can significantly affect radiative forcing of climate (Feczkó et al., 2002), and
play a key role in atmospheric physics and chemistry (Figueras i Ventura and
Russchenberg, 2008; Han et al., 2008). Moreover, the aerosols at the ground level are one
of the air pollutants responsible for the loss of human health. Exposure to aerosols, both
short-term and long-term, may cause considerable negative health effects (Dockery et al.,
1993).
A crucial step toward the understanding of the complex effects of aerosols is to
study aerosol properties and distribution (Haywood and Boucher, 2000). Aerosol optical
depth (AOD) is a dimensionless measure of atmospheric extinction of solar radiation by
aerosols. A columnar aerosol burden can be quantified by the measurement of AOD. A
higher AOD value normally corresponds to a larger amount of aerosols within the
atmospheric column. AOD can be measured in situ or estimated by remote sensing.
Ground-based sunphotometers can provide accurate and direct measurement of AOD at
high temporal resolution. However, the limited spatial coverage of such data largely
hampers the in-depth understanding of aerosol distribution, especially for the regions with
few or no sunphotometers. On the other hand, AOD can also be derived from the spectral
information sensed by certain relatively new satellites such as the Moderate Resolution
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Imaging Spectroradiometer (MODIS) (Remer et al., 2006) and the Multi-angle Imaging
SpectroRadiometer (MISR) (Martonchik et al., 2002). Satellite remote sensing of aerosols
is advantageous on several aspects, including its extensive and continuous spatial
coverage and lower cost for acquisition.
The value of AOD is wavelength-dependent. Ångström exponent (AE) is a
parameter that describes the dependency of the aerosol optical depth on wavelength. AE
is inversely related to the average size of columnar aerosols: the smaller the aerosols are,
the larger the AE tends to be. Typical AE values range from >2.0 for fresh smoke
particles (Kaufman et al., 1992) to nearly zero for Sahelian/Saharan desert dust cases
(Holben et al., 1991). The information on aerosol size distribution can be further related
to the aerosol chemical composition.
A number of studies have been conducted to address the spatial and temporal
variability of aerosols. Early research mainly focused on a group of cities that hold an
Aerosol Robotic Network (AERONET) site (equipped with a sunphotometer). For
instance, Masmoudi et al. (2003) found higher spatial variability of AOD and AE for the
central African sites than the Mediterranean ones. The central African sites showed a
lower variation with the smallest values of their measured AE due to the presence of very
large dust particles. Remotely-sensed data have also been used in the analysis of aerosol
loading distribution in recent years. By mapping AOD over Europe at a continental scale,
Koelemeijer et al. (2006) clearly identified Northern Italy, Southern Poland, and the
Belgium/Netherlands/Ruhr area as major aerosol source regions. Frank et al. (2007) used
the data from MISR for an inter-annual analysis of AOD variation over the Mojave desert
of southern California. The authors suggested that AOD varies significantly across the
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desert and therefore the AERONET site at Rogers Dry Lake (within the desert) cannot be
used to represent the aerosol conditions over the entire study area.
Southern Ontario is the key agricultural and industrial area of Canada and home to
nearly 12 million people based on 2006 demographics (Statistics Canada, 2007). The
spatial and temporal distributions of both anthropogenic and natural aerosols are of
particular concern due to their consequences on local climate and impacts on the local
residents’ health. There are only three AERONET sites (Windsor, Toronto, and Egbert)
located in Ontario. It has therefore been a challenge for researchers to fully understand
how aerosols are distributed across space in terms of concentration and size. Moreover,
the increase of anthropogenic aerosols due to changes in land use and industrial activity
has been found to have a significant impact on both the radiation budget and the
hydrological cycle (Figueras i Ventura and Russchenberg, 2008). The possible
relationship between aerosol distribution and land use structure/topography has not been
explicitly studied.
In this research, we investigate the spatial and temporal variability of aerosols
over southern Ontario using the MODIS-retrieved aerosol data. The 2004 yearly means of
AOD and AE are mapped to detect the distributional patterns of aerosol loading and
average aerosol size. Inter-comparison is made between municipal regions and between
watersheds once the AOD data are aggregated. The seasonality of the aerosol distribution
is also examined by analyzing the monthly AOD means. Moreover, we quantify the
relationship between land use structure and AOD through a correlation analysis and
discuss the impacts of topography on the aerosol distribution. The data and the methods
are described in Section 2.2 and the results of the analyses are shown in Section 2.3.
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2.2 Data and method
MODIS is a cross-track and polar-orbiting satellite sensor. It is onboard the Earth
Observing System (EOS) Terra and Aqua, with daytime equator crossing times of late
morning and early afternoon, respectively. MODIS acquires spectral information at 36
bands covering the visible, near, and shortwave infrared from 0.4 µm to 14.5 µm. MODIS
aerosol products are retrieved at level 2 (5-minute swath granules) and level 3 (global grid
maps) and stored in different collections depending on the retrieval algorithm used
(Savtchenko et al., 2004). MODIS level 2 aerosol products have a spatial resolution of
10km × 10km at nadir. In the present study, the MODIS aerosol product files were
collected from both Terra and Aqua for southern Ontario (Figure 2.1) to cover the entire
calendar year 2004. The data collection 5 is chosen as its products employ the most recent
version of the retrieval algorithm, which has improved accuracy over the previous
versions (Levy et al., 2007). The highest latitude of the study area is below 47°N so that
the solar elevation is high enough to allow retrieval of AOD by the algorithm, even in the
mid-winter period. A detailed land use map and a digital elevation model were also
collected as ancillary data for the study area.
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Figure 2.1 Location map of the study area of southern Ontario.

In total, over eight hundred MODIS aerosol images of level 2 were collected from
each platform (Terra and Aqua). These data are stored and provided in a standard
hierarchical data format (HDF), which is a multi-object file format for sharing scientific
data in multi-platform distributed environments. MATLAB programs were developed to
read the MODIS HDF files systematically and extract the parameters of AOD at 0.47 µm
and AE over land. The utility of MODIS AOD data was first checked based on the
frequency of valid measurements and the effective data coverage in different months.
Both the AOD data and the AE data were binned into a 0.1° × 0.1° grid. Typically, there
are about 40 valid measurements (for both AOD and AE) available per grid cell. The
number of valid MODIS AOD values for each cell varies across space and time, so there
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are some random differences associated with the observation frequency. The MODIS
AOD measurements were sampled to ensure a minimum of one day interval between the
AOD values chosen for any averaging over each grid cell. This is mainly to reduce the
possible temporal autocorrelation between the pixel values taken within a small time
window (e.g. 3 hours). Yearly averaging and monthly averaging were performed for the
grid cells and the municipal regions, respectively. The overall average and the standard
deviation of AOD were calculated from the sampled AOD values for each month to
reveal the seasonal variation.
The sampled AOD values were also aggregated by municipal regions and
watersheds, which often delimit the study area for local climate, air quality, and
hydrological process analyses. The monthly AOD means for the municipal regions were
examined to capture seasonal distribution patterns. In space, the cities with a population
greater than 100,000 have been selected and a statistical paired t-test was performed to
determine if any of these cities are distinguishable from the general study area as a whole.
The land use structure within the municipal regions and their corresponding yearly
AOD mean were also compared. Yet, only the municipal regions with land use
information were incorporated in the analysis due to the fact that complete land use data
were unavailable for the entire study area. The land use types were aggregated into three
major classes: Built-up Area, Vegetation Area, and Water Body. The yearly AOD means
of the municipal regions were subsequently plotted against the fractions of the aggregated
land uses within them. A correlation analysis was then performed to provide a
quantitative description of the landuse-AOD relationship. In addition, the digital elevation
model (DEM) of southern Ontario was compared to its AOD distribution to help
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understand the impacts of the local topography on the aerosol dispersion or
transportation.

2.3 Results and discussion
2.3.1 Overall analysis

The observation of the collected data shows that, in southern Ontario, AOD
generally varies between 0 to about 2.2 (unitless) and has an overall mean of 0.211 with a
standard deviation of 0.225. The availability of the valid AOD data from MODIS is
highly season-dependent for southern Ontario. Due to the extremely limited number of
valid AOD values (see Figure 2.2) and the lack of coverage for a great portion of the
study area, MODIS is unable to provide a complete or unbiased picture of AOD for
southern Ontario in January, February, March, or December. The data during these winter
months were therefore excluded from the mean calculation to facilitate cross-space
comparison. In other words, the yearly mean in the present study represents the AOD
average from April through November.
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Figure 2.2 Frequency of valid MODIS AOD measurements for southern Ontario during
2004.

Figure 2.3 displays a heterogeneous distribution of the 2004 yearly AOD means
across southern Ontario. Relatively high AOD means are found in the densely populated
and industrialized areas. Urban and industrial areas are considered to be the major sources
of various anthropogenic aerosols, which often result in hazy weather. Particularly high
values are found for the Greater Toronto Area (A in Figure 2.3), the belt connecting
Niagara Falls, Hamilton, and London (B in Figure 2.3), and the Greater Windsor Area (C
in Figure 2.3). This is largely attributed to their inherent high productivity of aerosol
particles from the manufacturing industry, heavy traffic, and/or geographic proximity to
some U.S. cities (e.g. Detroit and Buffalo). Caution should be exercised when interpreting
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some high-AOD cells at the land/water boundaries, as applying the land algorithm to the
pixels with sub-pixel quantities of water may lead to higher estimates than actual AOD
values (Chu et al., 2003).

A
C
B

Figure 2.3 Distribution of the 2004 yearly AOD mean across southern Ontario.

MODIS AOD varies greatly over seasons. Figure 2.4 presents the AOD mean and
standard deviation as a function of month, revealing a seasonal pattern with a higher
AOD level during the spring and summer months, and a lower AOD level during the fall
and winter months. Accordingly, there seem to be larger variances in AOD during the
spring and summer months. This is largely explained by the seasonality of atmospheric
motion over the area. During summer months, weather conditions in southern Ontario are

34

generally dominated by the Maritime Tropical air mass (highly unstable with strong
turbulence) originating from the Gulf of Mexico and Caribbean Sea, bringing aerosols
sourced in the U.S. In contrast, the continental polar air mass in winter moves over the
area, bringing clean and stable air from the north and producing heavy lake-effect snows.
Extensive snow cover is the main reason causing the inability to retrieve AOD in winter.
The recent study of the synoptic climatological influence on aerosol distribution (Power
at al., 2006) has found a similar seasonal pattern over the eastern portions of the North
American continent. The present study provides evidence for the association of aerosol
loading levels to the synoptic weather systems in southern Ontario.

Figure 2.4 Mean (point) and one standard deviation (bar) of monthly AODs for southern
Ontario in 2004 (Note: January, February, March, and December are not presented
because there were very few valid AOD values available for these months).
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Figure 2.5 depicts the distribution of the 2004 yearly AE mean across southern
Ontario. In general, southwestern Ontario and the Golden Horseshoe area appear to have
smaller means (<1.34) of AE, indicating relatively larger sizes of the aerosols suspended
over these areas. Such relatively coarser aerosols may originate more from anthropogenic
sources including industrial/agricultural dust, soot, etc. Both the Canadian cities (local
sources) located in the areas, and the U.S. cities across the Great Lakes (aerosol plumes
can be transported downwind) are considered the contributors. Traffic emissions (e.g.
highway exhaust) are perhaps another major source. In comparison, the northern areas
(dominated by larger AE means) are believed to be loaded with aerosols more from
natural sources (e.g. sulfates from biogenic gases and organic matter from biogenic
volatile organic compounds). Yet the result should be interpreted with caution because
the AE retrieval is based on the AOD values; it is more sensitive to the assumption of
surface characteristics (Koelemeijer et al., 2006).
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Figure 2.5 Distribution of the 2004 yearly mean of Ångström exponent (AE) across
southern Ontario.

2.3.2 Region-based analysis

The municipal regions with a low yearly AOD (0-0.2) are found to be spatially
clustered, forming mainly two ‘clean’ zones (see A and B in Figure 2.6). These regions
are recognized as being more inland and including nearly no industrial or urban areas
(further discussion is provided in Section 2.3.3). In contrast, the municipal regions with a
relatively higher yearly AOD (0.2-0.3) are distributed around these two zones and take up
most of the remaining portions in southern Ontario. Particularly southwestern Ontario
was recognized as having almost all the municipal regions with a relatively high yearly
AOD. Moreover, there are some ‘hot’ regions (AOD>0.3) that can be clearly identified,
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including the Greater Toronto Area, the Niagara Falls Area, and the Greater Windsor
Areas (see C, D, and E in Figure 2.6, respectively).

Figure 2.6 The 2004 yearly AOD mean over the municipal regions in southern Ontario.

Paired t-test between the monthly AOD for the entire southern Ontario and for
each of the 17 cities with a population greater than 100,000 was conducted to determine
which cities are significantly different from the study area average. A difference is
considered to be significant when the associated p-value is less than 0.05. As can be seen
in Table 2.1, Toronto, Mississauga, Hamilton, and Windsor show to be significantly
higher (t > 0) than the area average, while Ottawa and Cambridge are lower (t < 0). The
relatively low AOD level calculated for Ottawa, the national capital, may be explained by
the large fraction of suburban and rural areas included within its municipal boundary. It is
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understandable that there exist significant spatial variations of AOD within such regions
that hold both highly urbanized or industrialized areas and considerable suburban and
agriculture/forest lands. The mean AOD over a municipal region like Ottawa tends to
even off these differences and only represent the averaged level.

Table 2.1 Results of the paired t-test between the monthly AOD means of the cities with
a population greater than 100,000 and those of the entire southern Ontario

Municipal Regions

t

p

r

Toronto

5.768

0.001

0.969

Ottawa

-1.487

0.181

0.939

Mississauga

5.364

0.001

0.970

Hamilton

3.670

0.008

0.968

London

2.329

0.053

0.711

Brampton

2.872

0.024

0.938

Markham

2.263

0.058

0.830

Windsor

5.694

0.001

0.925

Kitchener

3.191

0.015

0.899

Vaughan

2.856

0.024

0.893

Burlington

1.765

0.121

0.861

Oakville

2.143

0.069

0.809

Oshawa

2.152

0.068

0.795

Richmond Hill

2.001

0.086

0.976

Kingston

1.768

0.120

0.882

Cambridge

-.305

0.769

0.662

Chatham-Kent

3.376

0.012

0.897

Note: t = t-value. p < 0.05 indicates sample means are statistically different from the
study area means. r represents the correlation coefficient to the study area mean.

The spatial-temporal variability of MODIS AOD has been investigated by
mapping the monthly AOD mean of the municipal regions over April through November
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(Figure 2.7). As there was very limited data coverage for January, February, and
December (statistically sound means could not be obtained for most municipal regions),
hence, their monthly AOD maps are not presented. It is clear that MODIS cannot be
relied upon for the aerosol data acquisition for southern Ontario during these three
months. Again, this is mainly due to the extensive snow cover in winter, which greatly
hampers the usability of the MODIS algorithm for AOD retrieval over land. Although
there exists viable data for the month of March, data for the northern portion
(approximately above 45°N of the study area) was widely missed in March and therefore,
the month of March is excluded from these studies.
Visual examination of Figure 2.7 shows that April experienced a moderate level
of AOD overall (also supported by Figure 2.4). May and June presented similar
distribution patterns in southwestern Ontario. The difference lies in that higher levels of
AOD are observed for many municipal regions in Central and Eastern Ontario in May,
than when compared with June. The reason for this remains unclear especially for some
small towns with particularly high aerosol loading such as Huntsville. The Greater
Toronto Area and southwestern Ontario remained as areas with higher aerosol loadings in
these two months, despite the somewhat different inner-section distributions of AOD.
July exhibited the highest level of AOD in the year for most of the municipal regions. The
monthly AOD mean for a large number of cities or towns reached a level of >0.4 in this
month. The coastal regions and the regions in Eastern Ontario widely experienced an
elevated AOD level of 0.3-0.4. Due to the scope of this research, the discussion for such a
phenomenally high level of AOD in July is not covered in the present paper. The AOD
level dropped to its normal summer level for most municipal regions in August. The
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presence of relatively high levels of AOD at Eastern Ontario in July and August may be
related to aerosol emissions sourced from major Québec cities such as Montréal.
Although the spatial distribution of monthly AOD across the municipal regions differed
in August and September, the overall study area mean remained at similar levels (0.20.22) for these two months (Figure 2.4). Moreover, September seems to be a transition
period toward a different meteorological air pollution regime at the synoptic scale.
October and November exhibited a distinctly low level of AOD. More specifically,
October saw no municipal regions with a monthly AOD of >0.3. Almost all the regions
became dramatically reduced with their monthly AOD levels at this time. The overall
AOD level appeared to be even lower in November, when only few municipal regions
experienced a monthly AOD of 0.1-0.2, leaving the remaining regions to all have a value
of <0.1. The above spatial-temporal distribution of AOD over months calls for a physical
explanation. We tentatively suggest that the explanation may lie in the mesoscale
meteorological processes.
MODIS AOD data often appears to be patchy and lacks a consistent spatial
coverage. This has greatly restricted its use in more detailed analysis, such as detection of
short-term (e.g. one week) spatial clusters of the municipal regions that are heavily loaded
with aerosols. Attempts have been made to produce daily, weekly, and biweekly maps of
AOD mean. Unfortunately, none of them have steady coverages with sufficient
observations for each municipal region, even for the data-rich month of September.
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Figure 2.7 Spatial and temporal variations of the monthly AOD mean over the municipal regions in southern Ontario (including months
April through November).
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Figure 2.7 Spatial and temporal variations of the monthly AOD mean over the municipal regions in southern Ontario (including months
April through November) (continued).
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The MODIS AOD data has also been aggregated by the tertiary watersheds in
the study area. The presence of aerosols has been found by previous research to modify
the albedo and the life cycle of the clouds, and result in different precipitation patterns
(Albrecht, 1989) that are important to local hydrological cycles. For instance, an elevated
concentration of aerosols may cause the formation of more numerous but smaller droplets
in clouds, which may lead to the suppression of precipitation and longer cloud lifetime
(Haywood and Boucher, 2000). On the other hand, absorption of incoming solar radiation
by aerosols tends to reduce the cloud cover. It is shown in Figure 2.8 that the watersheds
are highly clustered with respect to their general aerosol loading and broadly fall into
three classes. The watersheds that experienced a high level of yearly AOD (>0.24) are the
ones located in southwestern Ontario and the ones along the land boundary from Toronto
to its east. The regions with a moderate yearly AOD sit between the ones with highs and
lows (A and B in Figure 2.8). The above information can be taken into consideration for
impact analysis of aerosols on local climate and hydrological processes.
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A

Figure 2.8 The 2004 yearly AOD mean over the tertiary watersheds in southern Ontario
(A and B represent two low-AOD areas).

2.3.3 Relate MODIS AOD to land- use and topography

Figure 2.9 displays the land use map (fully covering 62 municipal regions)
available for the present study. The map was overlaid with the municipal region map for
a zonal analysis of land use structure. Descriptive statistics showed that the fraction of
Built-up Areas (FBA) ranges from 0.1% to 78% for the municipal regions with land use
information. As can be seen from Figure 2.10, regardless of seasonal changes, a
municipal region’s yearly AOD mean seems to be positively correlated (r = 0.7) with its
FBA. A fitted linear regression model between the two variables is able to explain almost
50% of the variability in AOD. Meanwhile, a municipal region’s yearly AOD declines
with the increase of its fraction of Vegetation, although this negative correlation (r = -
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0.6) is not as strong as that of the FBA-AOD relationship. These observations, to some
extent, suggest that local and anthropogenic aerosols are a large contributor to the aerosol
loading in southern Ontario. The urban heat island effect may be another reason as it
causes atmospheric circulations towards the urban area at urban/rural fringes, bringing in
exogenous aerosols.
Ideally, the land use data should be weighted by their productivity of aerosols.
More detailed information including road density, traffic volume, and pollution inventory
are necessary in order to estimate such productivity. Another limitation with the current
analysis is its exclusion of many municipal regions (mostly covered by agriculture and
forest) due to the lack of detailed land use data for them.

Figure 2.9 Land use map of certain municipal regions in southern Ontario.
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Figure 2.10 Scatter plot of yearly AOD mean versus fraction of Built-up Areas (FBA)
for the municipal regions.

When compared with the digital elevation model (Figure 2.11), the AOD
distributions in southern Ontario seemed to be susceptible to topography. Interestingly, it
is found that zones having low-AOD generally occur in the higher elevation upland areas
(brown areas). The possible reasons to account for this observation include: (1) there are
much fewer human activities or anthropogenic processes for aerosol production in these
areas due to historic settlement; and (2) the air circulations, either thermally induced (e.g.
valley breeze) or mechanically forced (e.g. lee waves) by uplands, can possibly promote
uptake of the aerosols near the surface by posing more flux towards vegetated land
surfaces, and the aerosol concentration can therefore degrade rapidly. The AOD values in
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these zones reflect the background aerosol loading level in southern Ontario, and may be
valuable to the estimation of the net increase or decrease of local aerosol emissions.

0

70

140

280 Kilometers

Figure 2.11 The digital elevation model of southern Ontario.
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2.4 Summary

This study has investigated the spatial-temporal distribution patterns of aerosols
over 2004 in southern Ontario. It has been found that MODIS AOD varies greatly across
space and time in the region. In general, the Greater Toronto Area and the Greater
Windsor Area experience the highest level of yearly AOD average. Summer months
relate to elevated levels of AOD and stronger variations, compared to the other months.
Among cities with a population greater than 100,000, Toronto, Hamilton, Mississauga,
and Windsor experience a significantly higher yearly AOD than the study area average.
Aerosols in southwestern Ontario are mainly composed of relatively larger particles that
result in smaller values for the Ångström exponent. The tertiary watersheds broadly fall
into three classes: low, moderate, and high aerosol loading throughout the year. Distinct
aerosol loading levels may have, more or less, impacted their local hydrological cycle in
different ways. The regional topography is also found to have a role to play in affecting
the aerosol distribution. The two clearly identified low-AOD zones correspond to the two
major high elevation upland areas in southern Ontario. Moreover, AOD seems to be
related with the underlying land use structure: a higher fraction of built-up area within a
municipal region tends to correspond to a higher value of AOD. This somewhat proves
the local and anthropogenic nature of a large portion of aerosols in southern Ontario,
especially for the urbanized and/or industrialized areas, and can inform land use
management aiming to improve aerosol-oriented air quality. An in-depth understanding
of the aerosol distribution across municipal regions in southern Ontario is expected to
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support decision-making for regional air quality protection or the establishment of
compensation under transboundary air pollution agreements.
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Chapter 3: Correlating MODIS aerosol optical depth (AOD)
with ground-level fine particulate matter (PM2.5) concentration
for air quality assessment

Abstract
This paper evaluates the aerosol optical depth (AOD) data from the Moderate
Resolution Imaging Spectroradiometer (MODIS) in order to estimate the ground-level
concentrations of fine particulate matter (PM2.5). The correlation between MODIS AOD
and ground-based measurements of PM2.5 concentration has been systematically studied.
Comparison between the MODIS AOD data at different wavelengths shows that the AOD
data at 0.47 µm is the best in the correlation to ground-level PM2.5 concentration (GL[PM2.5]) in southern Ontario. A more detailed examination suggests that the correlation
strength varies over seasons with a greater value in spring and summer and a smaller
value in fall and winter. MODIS AOD data from different platforms, including Terra and
Aqua, are found to have a different sensitivity to temporal resolution changes of the GL[PM2.5] data. Aqua MODIS AOD tends to be more representative of the coincident GL[PM2.5] averages over 1-3 hours than the daily average. MODIS AOD values aggregated
over 3×3 pixel groups correlate slightly better with GL-[PM2.5] in comparison to the
original single centre pixel values. The correlation between the AOD and GL-[PM2.5]
varies substantially across the study area. Visual interpretation reveals that the map of
yearly MODIS AOD resembles the regional land use distribution.
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3.1 Introduction
Particulate matter (PM) is one of the major pollutants affecting regional air
quality; it is commonly recognized as a complex mixture of microscopic solid or liquid
particles that are suspended in the air. As opposed to gaseous pollutants, PM is usually
characterized according to an aerodynamic size due to the different health effects that
develop from exposure to PM of various diameters. In particular, fine PM (PM2.5) often
refers to particles that are 2.5 microns or less in diameter. PM2.5 can penetrate deep into
the respiratory system and cause diseases and even premature death (Villeneuve et al.,
2002). Children, elderly people, and people with asthma, respiratory problems or
cardiovascular or lung disease are found to be most susceptible to PM 2.5 (Pope III et al.,
1999; Green and Armstrong, 2003; Kappos et al., 2004; Neuberger et al., 2004).
PM2.5 originates from a variety of sources ranging from natural production (e.g.
volcanic eruptions and forest fires) to anthropogenic pollution (e.g. emission from
industrial facilities and combustion from automobiles) (Arya, 1998). PM2.5 usually
remains suspended in the air for relatively longer periods of time as compared to coarser
PM, and can be easily dispersed or transported from source locations to other areas. In
order to monitor ambient air quality regionally, a common practice in many industrialized
countries is to establish a network of monitoring stations, equipped by receptors, across a
region of interest. However, these stations usually take point measurements and do not
provide adequate coverage or a high sampling frequency to fulfill the needs of mapping
regional air quality. The spatial interpolation of such station data therefore possesses
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limited value to understanding the spatial-temporal dynamics of a pollutant (Kumar et al.,
2007).
Remote sensing provides an alternative data resource that is important in studying
the air quality of a relatively large area. Nowadays, a number of orbiting satellites
routinely measure the spectral radiation received at the top of the atmosphere and provide
data

regarding

atmosphere

composition.

The

Moderate

Resolution

Imaging

Spectroradiometer (MODIS) is one of the key sensors aboard the Terra and Aqua satellite
platforms, observing the Earth in 36 channels with spatial resolutions ranging from 250 m
to 1 km. MODIS collects data across a 2330 km swath from a near-Earth sunsynchronous polar-orbit at a nominal altitude of about 705 km (Barnes et al., 1998). The
MODIS satellites have a revisit frequency of 1-2 days depending on the location on the
globe.
Aerosol optical depth (AOD) is a parameter that measures the integral of
atmospheric aerosol extinction from the Earth’s surface to the top of the atmosphere
(Gupta et al., 2006). The MODIS AOD data is derived at three wavelengths: 0.47 µm,
0.55 µm, and 0.66 µm (Ichoku et al., 2004). Efforts have been made to correlate MODIS
AOD and ground-level PM 2.5 concentration (GL-[PM2.5]) at the continental scale
(Donkelaar et al., 2006), the regional scale (Hutchison, 2003; Engel-Cox et al., 2004),
and even the local scale focusing on a group of individual cities (Chu et al., 2003).
Although MODIS AOD has been commonly reported to have tremendous potential in
estimating GL-[PM2.5], unstable results have been observed in terms of the strength of the
correlation and its spatial-temporal variation. For example, Wang and Christopher (2003)
reported relatively strong correlations (r=0.7) for their study area of Jefferson county,
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Alabama. Al-Saadi et al. (2005) and Engel-Cox et al. (2004), however, found weaker
correlations (r<0.4) in the Western U.S., where the higher surface reflectance of the more
arid surfaces was suspected to reduce contrasts. Another reason is that the AOD retrieval
model used for that region assumes more dust and smoke than industrial aerosols.
Furthermore, air pollution mechanisms can vary regionally and hence the strength of the
AOD-PM2.5 correlation (Kumar et al., 2007). Such uncertainty reflects the dependence of
the AOD-PM2.5 correlation on geographic characteristics (e.g. land use/cover) and aerosol
types (e.g. sulphate and dust), and raises the need for studies focusing on other regions.
It should be pointed out that due to the evolution of the MODIS AOD retrieval
algorithm, different AOD products are provided based on the specific algorithm used
(Remer et al., 2006). Testing of recent AOD data products and their ability to estimate
GL-[PM2.5] is needed given that the most recent version of the retrieval algorithm is
regarded as a complete overhaul (see Section 3.2 for details). Moreover, AOD
measurements at various wavelengths have not yet been explicitly compared for their
ability to estimate GL-[PM2.5]. Neither is there a comparison between the correlations of
GL-[PM2.5] to the AOD data from the two satellite platforms: Terra and Aqua (acquiring
data late morning and early afternoon local time, respectively). The sensitivity of the
AOD-PM2.5 correlation to spatial and temporal data resolution changes remains unclear
and should be further addressed.
An earlier attempt (Tian and Chen, 2006) to correlate MODIS AOD and GL[PM2.5] in Ontario was based on a relatively small volume of data only from Terra and did
not provide a thorough or systematic analysis of the correlation in terms of spectral,
spatial, and temporal sensitivity. This paper presents the results of an inclusive and
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detailed study to systematically evaluate the capability of MODIS AOD for estimating
GL-[PM2.5] in southern Ontario, Canada. The MODIS algorithm for AOD retrieval is first
reviewed to highlight the evolution history of the MODIS AOD data. The MODIS AOD
measurements derived at wavelengths of 0.47 µm, 0.55 µm, and 0.66 µm are compared in
terms of their correlation strength to GL-[PM2.5]. Subsequently, the original AOD data is
spatially averaged over 3×3 pixel groups while the hourly GL-[PM2.5] data is temporally
aggregated to represent longer time periods. Detailed cross-comparison is then made to
illustrate the sensitivity of the AOD-PM2.5 correlation to a series of data resolution
changes. The above analyses are performed in parallel for the AOD data from both Terra
and Aqua so that a sound discussion can be carried out to address possible diurnal
differences. In addition, city-specific analyses are conducted to demonstrate the
correlation variation across the study area. Finally, the distributional pattern of the yearly
GL-[PM2.5] average is produced by interpolating the monitoring station data, and is then
compared to that of yearly Terra MODIS AOD.

3.2 Review of MODIS algorithm for aerosol optical depth (AOD)
retrieval
The MODIS algorithm for AOD retrieval consists of two independent algorithms,
one for deriving aerosols over land and the other for deriving aerosols over oceans.
Principally, the land algorithm is applied only to a subset of those MODIS pixels that
have no ocean or inland water within the field-of-view (Hutchison et al., 2005). The AOD
retrieval analyses only include those pixels that are not contaminated by cloud. The core
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algorithm uses the atmospheric reflectance ratios between 0.47 µm and 2.12 µm and
between 0.66 µm and 2.12 µm to retrieve the AOD information (Hutchison et al., 2008).
Although the algorithm for data retrieval has continued to evolve to achieve better
accuracy over the past few years, the theoretical basis of the algorithms has not changed
since its inception. In essence, the AOD retrieval is conducted based on a radiative
transfer model and uses Mie theory for fine aerosol models. The algorithms of various
versions differ in their logic of determining which 500m pixels in a 20 × 20 pixel group
should be used to generate AOD values.
MODIS AOD data is organized by collections, where groups of data were
processed by similar, but not necessarily the same, versions of the algorithm. The first
globally validated data were produced by using the collection 3 algorithms. Collection 4
and 5 algorithms have improved in the detection of cloudy pixels. The current collection
5 algorithm over land (C005-L) is regarded as a complete overhaul to the collection 4
algorithm over land (C004-L) (Levy et al., 2007). Whereas C004-L essentially retrieves
aerosol properties independently in two visible channels (0.47 µm and 0.66 µm), C005-L
performs the same operation in three channels simultaneously (the two visible channels
and the 2.12 µm channel). The C005-L algorithm is also superior in that it assumes the
2.12 µm channel contains information about not only the surface but also the coarse mode
aerosol. There are additional differences in surface reflectance assumptions and the
aerosol lookup tables. A more detailed description of the algorithms can be found at
Kaufman et al. (1997) and Remer et al. (2006).
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3.3 Data description, data acquisition, and pre-processing
3.3.1 Ground-based data

The Ontario Ministry of Environment (OME) operates and maintains the air
quality monitoring network in Ontario, which monitors concentrations of particulate and
gaseous air pollutants at the near ground level (typically 3-8 meters above the ground).
For measuring ground-level PM2.5 concentrations (GL-[PM2.5]), each station is equipped
with a filter attached to a hollow, tapered, and oscillating glass rod. The accumulation of
mass is measured over time from the change in the oscillation frequency. The GL-[PM2.5]
readings are provided in the standard unit of micrograms per cubic metre (µg/m³) on an
hourly basis with an accuracy of about ±1.5 µg/m³. The GL-[PM2.5] data for this study
was obtained from the OME’s electronic archive of historical air quality data. In 2004,
GL-[PM2.5] was routinely measured by 38 monitoring stations, which are mainly
distributed across the southern part of the province. Figure 3.1 shows the locations of the
monitoring stations.
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Ontario

Québec

Figure 3.1 Locations of the air quality monitoring stations across Ontario.

3.3.2 Satellite data

MODIS aerosol images were collected for southern Ontario to cover the entire
calendar year 2004. Collection 5 aerosol images were chosen because they are produced
based on the most advanced version of the retrieval algorithm. Preliminary validation of
the algorithm used for the AOD retrieval in this collection showed much improved
results, where the MODIS/Aerosol Robotic Network (at 0.55 µm) regression has an
equation of: y = 1.01x + 0.03, with a correlation coefficient of 0.90 (Levy et al., 2007).
In total, over eight hundred AOD images were obtained from both Terra and
Aqua. A MODIS aerosol image covers a five-minute time interval and has a typical
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dimension of 203 cells (along swath) × 135 cells (across swath). The typical cell size, or
spatial resolution, is 10 km x 10 km (at nadir). For southern Ontario, there is usually more
than one image, taken at different local times, available for each day.
The MODIS aerosol data are stored and provided in a hierarchical data format
(HDF) (Masuoka et al., 1998). HDF is a multi-object file format for sharing scientific
data in multi-platform distributed environments. Each MODIS aerosol product file stores
53 scientific parameters. Specifically, MODIS AOD includes three channels, with each
containing the AOD values for one wavelength (0.47 µm, 0.55 µm, or 0.66 µm). A
sample image of MODIS AOD (at 0.47 µm) is shown in Figure 3.2. A valid AOD value is
dimensionless and has a valid range from 0-5, with values over unity generally being
classified as heavy haze (Engel-Cox et al., 2004). MATLAB programs (see Appendix A)
were developed to read the MODIS HDF files systematically and extract the AOD
channels for land, which contain the data needed for this study.
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Figure 3.2 Sample image of MODIS AOD at 0.47 µm covering southern Ontario
(acquired on 2004/09/23 and processed by the version 5 algorithm).

3.4 Methods
The same analyses were performed in parallel with the collected MODIS AOD
images from Aqua and Terra for southern Ontario. Initial attempts focused on correlating
the original MODIS AOD values (single pixels) at the three wavelengths of 0.47 µm, 0.55
µm, and 0.66 µm, with the hourly readings of ground-level PM2.5 concentration (GL[PM2.5]) from the ground stations. The MODIS AOD values and the GL-[PM2.5] readings
were associated (see Appendices A and B for details) based on their spatial and temporal

63

proximity in order to perform a series of inter-comparative and quantitative analyses.
Each monitoring station was spatially co-located to its nearest MODIS pixel. MATLAB
programs were developed to search for the nearest pixel from each individual MODIS
AOD image for every ground station. If the MODIS pixel found nearest, or more
normally, covering the station had a valid AOD value, this value was associated with the
station. The AOD value was then paired with the coincident GL-[PM2.5] reading that was
measured by the associated station and within the same hour as the MODIS satellite
overpass. Person’s r was calculated to quantify the strength of the correlation between the
hourly GL-[PM2.5] and the corresponding MODIS AOD values at the three wavelengths.
It was borne in mind that GL-[PM2.5] and MODIS AOD measure different
atmospheric loadings of aerosols. The former represents the fine particulate matter
concentration at a point station near the ground, whereas the latter quantifies the total
columnar aerosol loading over a typical area of 10 km×10 km. In addition, there is a
considerable discrepancy in the temporal characteristics between the two sets of data. The
original GL-[PM2.5] data characterizes hourly concentration averages, while MODIS
AOD is retrieved based on nearly instant observations. The original MODIS AOD images
were therefore further processed to assign each single pixel with the average of the valid
AOD values within its 3×3 pixel neighbourhood. On the other hand, the hourly GL[PM2.5] data was temporally aggregated up to multi-hour averages and the daily average
as well. A series of correlation analyses was then performed to test the sensitivity of the
AOD-PM2.5 correlation to these data resolution changes.
The overall analyses tend to even off the correlation variations across the region
and over time. Closer and more detailed examination was performed to focus on the
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individual station sites. It is understandable that AOD and GL-[PM2.5] may be strongly
correlated in some geographical areas but weakly in others due to differences in
meteorological condition and/or land use/cover characteristics. The AOD-PM2.5
correlation for various months was examined to elucidate seasonal patterns. In order to
provide a notion on the data availability for the cities in southern Ontario, the frequency
(or availability) of the valid MODIS AOD pixel values representing the stations within
each month was summarized.
Spatial interpolation is the most common approach used to estimate values for
unmeasured locations based on some known point measurements. The yearly mean of
GL-[PM2.5] was calculated for each monitoring station and was spatially interpolated to
produce a concentration surface. The inverse distance weighting (IDW) method was
adopted in the interpolation process for the sake of simplicity and ease for comparison. A
regular grid, consisting of over 1300 grid points (spaced approximately 10km), was
created to cover southern Ontario. Each point was assigned with the value average from
the Terra MODIS AOD pixels covering it. A yearly AOD average map was then
produced by interpolating (using the IDW method) these grid points, and visually
compared with the GL-[PM2.5] surface map.

3.5 Results and discussion
Ground-level PM2.5 concentrations (GL-[PM2.5]s) are classified into five
categories according to the U.S. Environmental Protection Agency Air Quality Index.
These categories were used as a reference in this study. The air quality category is
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considered good if daily GL-[PM2.5]s are between 0-15.4 µg/m3, moderate if between
15.5 and 40.4 µg/m3, unhealthy for sensitive groups (e.g. children and senior people) if
between 40.5 and 65.4 µg/m3, unhealthy if between 65.5 and 150.4 µg/m3 and very
unhealthy if between 150.5 and 250.4 µg/m3 (USEPA, 2003). Figure 3.3 uses two cities
(Toronto and Kingston) as an example to illustrate how the daily GL-[PM2.5] average,
measured by the monitoring stations, changes throughout the year 2004. As can be seen
from Figure 3.3, spring and summer time exhibit relatively higher levels of GL-[PM2.5]
and are likely to be more harmful to certain patients, infants, or senior people, in
comparison to fall and winter. It should be pointed out that PM2.5 can be concentrated at
levels higher than the daily average during certain hours (e.g. rush hour).
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Figure 3.3 Variation of the daily ground-level PM 2.5 concentration (GL-[PM2.5], µg/m3)

measured by the monitoring stations at Kingston (top) and Toronto (bottom), Ontario for

The overall correlation analysis shows good agreement between the MODIS AOD
and the ground-based PM2.5 concentration measurements (see Figure 3.4). Larger AOD
values usually correspond to higher GL-[PM2.5] values. More detailed information about
the correlations is provided in Table 3.1. As can be seen, all the correlations are
statistically significant since the probability values associated with the null hypothesis are
extremely small (<0.001). Table 3.1 presents how MODIS AODs are correlated to hourly
GL-[PM2.5] with a coefficient ranging from 0.51 to 0.65. In comparison, hourly GL[PM2.5] is better correlated with Aqua AODs (r = 0.566, 0.614, 0.649 at the three
wavelengths) than Terra AODs (r = 0.509, 0.561, 0.600 at the three wavelengths) by a
slight margin. One possible reason might be that Aqua MODIS images are taken in early
afternoons, when the planetary boundary layer (PBL) is better mixed due to convection
and the aerosol vertical profile becomes even smoother. Therefore, columnar aerosol
loading measurements (e.g. AOD) taken at that time tend to be more representative of the
corresponding GL-[PM2.5].
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y = 22.2x+1.5

Hourly GL-[PM2.5] (µg/m3)

r2 = 0.36

Terra MODIS AOD at 0.47 µm

y = 22.2x+1.2

Hourly GL-[PM2.5] (µg/m3)

r2 = 0.42

Aqua MODIS AOD at 0.47 µm

Figure 3.4 Scatter plots of hourly ground-level PM2.5 concentration (GL-[PM2.5], µg/m3)
against MODIS AOD at 0.47 µm from Terra (top) and Aqua (bottom).
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Table 3.1 Overall correlations between MODIS single pixel AODs and hourly, 3-hour,
and daily ground-level PM 2.5 concentrations (GL-[PM2.5], µg/m3)

Terra

Aqua

GL-[PM 2.5]
Average

AOD
Wavelength

r

n

p

r

n

p

Hourly

0.47 µm
0.55 µm
0.66 µm

0.600
0.561
0.509

2104
2105
2106

0.000
0.000
0.000

0.649
0.614
0.566

1779
1780
1778

0.000
0.000
0.000

3-Hour

0.47 µm
0.55 µm
0.66 µm

0.608
0.566
0.513

2126
2127
2128

0.000
0.000
0.000

0.651
0.617
0.570

1794
1795
1793

0.000
0.000
0.000

Daily

0.47 µm
0.55 µm
0.66 µm

0.593
0.553
0.501

2136
2137
2138

0.000
0.000
0.000

0.597
0.564
0.518

1804
1805
1803

0.000
0.000
0.000

Note: r represents correlation coefficient; n is the number of valid pairs; p denotes the
corresponding probability value (a p-value of 0.000 means it is smaller than 0.001).

It is found that, in southern Ontario, MODIS AOD values at 0.47 µm
(mean=0.289) are larger than those at 0.55 µm and 0.66 µm (mean=0.236 and 0.197,
respectively), indicating a positive Ångström exponent in general. A clear trend is
recognized that the AOD at shorter wavelengths has a stronger correlation with GL[PM2.5]. The trend appears to be rather consistent no matter how the GL-[PM2.5] data
were scaled up in time. This may be explained by the mass distribution characteristics of
anthropogenic PM, which, according to Seinfeld (1986), is mainly sized in diameters
comparable to 0.1 µm. Therefore, the MODIS AOD data at 0.47 µm (closer to 0.1 µm
than the other two wavelengths) is reasonably more representative of the GL-[PM2.5] in
southern Ontario due to the more effective scattering at this wavelength.
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The 3×3 AOD averages at the three wavelengths are also found to correlate with
GL-[PM2.5] in a positive manner (see Figure 3.5). Overall, GL-[PM2.5] is slightly better
correlated with the 3×3 AOD averages (r=0.53-0.68) than the single, centre pixel AOD
data (r=0.5-0.65). Some of the correlation strength differences are significant. For
example, when the Aqua MODIS AOD data are aggregated over 3×3 pixel groups, its
correlation to hourly GL-[PM2.5] increases from 0.649 (n=1779) to 0.682 (n=3305).
Inter-comparison between the 3×3 AOD averages at different wavelengths shows that
GL-[PM2.5] best correlates with the 3×3 AOD average at 0.47 µm (see Table 3.2). This
somewhat disagrees with earlier published studies (Hutchison et al., 2005), where weaker
correlations were found between GL-[PM2.5] and the AOD average within a 3×3 pixel
group. Although the reasons for this disagreement are not yet clear, it may be caused by
differences in the land surface characteristics and the changes in the current AOD
retrieval algorithm over the previous ones. The spatial averaging over 3×3 pixel groups
produces much more AOD values than the original single centre pixels have. This
processing may compensate, to some degree, the MODIS AOD data scatterness due to,
for example, cloud contamination.
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y = 23.1x +1.5
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Aqua MODIS 3×3 average AOD at 0.47µm

Figure 3.5 Scatter plots of hourly ground-level PM 2.5 concentration (GL-[PM2.5], µg/m3)
against MODIS 3×3 AOD at 0.47 µm from Terra (top) and Aqua (bottom)
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Table 3.2 Overall correlations between MODIS AOD over 3×3 pixel groups and ground
level PM2.5 concentrations (GL-[PM2.5], µg/m3)

GL-[PM 2.5]

Terra

Aqua

AOD
Wavelength

r

n

p

r

n

p

Hourly

0.47 µm
0.55 µm
0.66 µm

0.614
0.578
0.530

3765
3766
3765

0.000
0.000
0.000

0.682
0.649
0.604

3305
3305
3295

0.000
0.000
0.000

3-Hour

0.47 µm
0.55 µm
0.66 µm

0.630
0.593
0.543

3806
3807
3806

0.000
0.000
0.000

0.685
0.653
0.607

3332
3332
3322

0.000
0.000
0.000

Daily

0.47 µm
0.55 µm
0.66 µm

0.616
0.580
0.531

3822
3823
3822

0.000
0.000
0.000

0.626
0.594
0.552

3352
3352
3342

0.000
0.000
0.000

Average

Note: r represents correlation coefficient; n is the number of valid pairs; p denotes the
corresponding probability value (a p-value of 0.000 means it is smaller than 0.001).

Figure 3.6 exhibits the correlations between MODIS AOD at 0.47 µm (chosen as
an example) and the GL-[PM2.5] data of various temporal resolutions (averaged over
different lengths of time to a maximum of 24 hours). The degree of correlation for Terra
MODIS AOD seems not to be very sensitive to the temporal resolution of the GL-[PM2.5]
data. In comparison, the degree of correlation for Aqua MODIS AOD appears to
consistently decline as the GL-[PM2.5] data is aggregated over increasingly longer
intervals of time. Aqua MODIS AOD is most representative of the coincident hourly or 3hour GL-[PM2.5] than the daily average. Among all, the strongest correlation (0.685) is
found between the 3×3 AOD average data from Aqua and the 3-hour GL-[PM2.5] (see
Table 3.2). There may be an optimal match between the temporal resolution of the point
GL-[PM2.5] data and the spatial resolution of the areal AOD data for an efficient
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correlation. Analysis covering a larger spatial extent may allow spatial aggregations over
bigger windows and provide further information related to the optimal spatial resolution.

Correlation Coefficient
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0.65
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0.55

Terra 1×1
Aqua 1×1

Terra 3×3
Aqua 3×3
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Temporal Resolution of GL-[PM2.5] Data (hours)

Figure 3.6 Correlation strengths of the MODIS AOD data at 0.47 µm and the groundlevel PM2.5 concentration (GL-[PM2.5], µg/m3) averages over different lengths of time (up
to 24 hours).

The availability of MODIS AOD data and their correlation to GL-[PM2.5] vary
greatly with seasons (see Figure 3.7). For the monitoring station locations, there are very
little valid MODIS AOD data available for January, February, March, and December due
to the extensive snow cover during these periods. MODIS therefore has limited value for
the GL-[PM2.5] estimation for southern Ontario during winter. The rest of the year
possesses much more valid AOD data for the study area. The dramatic increase of the
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MODIS AOD data frequency in April is perhaps because the snow begins to melt in that
time and the algorithm for MODIS AOD retrieval becomes applicable. Slightly less AOD
data is found to be available in August than in any other summer month. A possible
reason for this is that the MODIS images acquired during that period are more likely to be
contaminated by clouds. The distinguishingly larger amount of valid AOD data in the
early fall is attributed to the frequent presence of ideal weather (e.g. clear sky) and land
cover conditions (e.g. no snow) for MODIS AOD retrieval.
As can be seen in Figures 3.7a and 3.7b, the correlations between MODIS AOD
and GL-[PM2.5] change significantly month to month. May, July, August, and September
show the highest correlation coefficients of 0.7-0.85. June has a weaker correlation of
0.5-0.6 in comparison to other summer months. The period of May to September can be
regarded as optimal months for the GL-[PM2.5] estimation using MODIS AOD. Despite
seasonal changes, MODIS AOD at a shorter wavelength normally has a stronger
correlation with GL-[PM2.5].
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Site-specific analysis illustrates that the correlations between MODIS AOD and
GL-[PM2.5] also vary substantially across space (see Appendix E for details). The
statistically significant correlations between hourly GL-[PM2.5] and MODIS AOD at 0.47
µm range from 0.36 (downtown Windsor) to 0.86 (Mississauga North) for Terra, and
from 0.4 (Grand Bend) to 0.87 (Toronto East) for Aqua. Moreover, GL-[PM2.5] and
MODIS AOD are found to be strongly correlated in the Greater Toronto Area, which is
the most populated region in the province. Hamilton, a major industrialized area to the
southwest, has relatively moderate correlations of 0.5-0.7, depending on location. To the
east, Ottawa (the national capital) shows to have correlations of 0.55 (Terra) and 0.62
(Aqua). The above information provides a necessary assessment of the MODIS AOD data
(collection 5) in terms of their direct use in estimating GL-[PM2.5] for individual cities or
towns in southern Ontario.
The estimated distribution of yearly ground-level PM2.5 concentration (GL[PM2.5]) average is depicted in Figure 3.8a. Since the interpolation was performed based
only on the monitoring stations currently available in southern Ontario, the result appears
to be rather general and does not provide much detailed information on the change of GL[PM2.5] over relatively short distances. Also, the estimated distribution reflects the
instrumental character of the interpolation method, and is heavily dependent on the
number and structure of the monitoring stations. In contrast, the distribution of the yearly
Terra MODIS AOD at 0.47 µm offers a much more detailed picture of aerosol loading
across the region (Figure 3.8b). The distribution seems to resemble a similar pattern as
that of the densely populated and/or industrialized areas in the region. Overall, the land
boundary areas are generally loaded with more aerosols than the inland areas. The Greater
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Toronto Area is shaded in red in Figure 3.8b, implying a heavily loaded sub-region that is
not suggested by Figure 3.8a. Relatively heavy aerosol loadings are also found over the
Greater Windsor Area, the southern part of the Golden Horseshoe, and the region
between Grand Bend and Tiverton. Due to the strong correlation between MODIS AOD
and GL-[PM2.5], a higher value of yearly MODIS AOD can be interpreted as an indicator
of potentially higher concentration of PM2.5 near the ground.
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Figure 3.8 Comparison of the yearly ground-level PM2.5 concentration (GL-[PM2.5],
µg/m3) average map (a) interpolated using the inverse distance weighting (IDW) method
and the yearly Terra MODIS AOD at 0.47 µm (dimensionless) map (b) interpolated from
the grid points.
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3.6 Conclusions
MODIS aerosol optical depth data has tremendous potential in the assessment of
air quality. Overall, MODIS AOD agrees well with ground-level PM2.5 concentration
(GL-[PM2.5]) in southern Ontario. GL-[PM2.5] is best correlated with the MODIS AOD at
the wavelength of 0.47 µm in comparison to those of 0.55 µm or 0.66 µm. The MODIS
AOD acquired in early afternoons (from Aqua) seems able to better represent the
condition of GL-[PM2.5] than the late morning acquisition from Terra. While the
correlation between Terra MODIS AOD and GL-[PM2.5] is not very sensitive to the
temporal resolution changes of the GL-[PM2.5] data, Aqua MODIS AOD seems to be
more representative of the coincident GL-[PM2.5] averaged over 1-3 hours than the daily
average. The mean AOD over 3×3 pixel groups tends to have a relatively stronger
correlation with GL-[PM2.5] than the original single centre pixel AOD. In practice,
MODIS AOD images often appear to be patchy; they can hardly aid in GL-[PM2.5]
estimation in winter due to the very limited amount of valid data. Moreover, the MODIS
AOD-PM2.5 correlation is significantly stronger in summer months than in winter months.
The correlation between MODIS AOD and GL-[PM2.5] also varies substantially
across space and through time. The impact factors including meteorological condition and
land use should be addressed in future research to obtain a better understanding of the
relationship between AOD and GL-[PM2.5]. Places with heavy aerosol loadings suggested
by MODIS AOD data are likely to have a higher ground-level PM2.5 concentration, and
therefore deserve more attention from the environment protection agencies.
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Chapter 4: A semi-empirical model for predicting ground-level
fine particulate matter (PM2.5) concentration from satellite
remote sensing and ground-based meteorological
measurements

Abstract

A semi-empirical model is developed to predict hourly concentration of fine
particulate matter (PM2.5) near the ground at a regional scale. The model corrects the
aerosol

optical

depth

(AOD)

data

from

the

Moderate

Resolution

Imaging

Spectroradiometer (MODIS) by the assimilated parameters characterizing the boundary
layer and further adjusts the corrected value according to meteorological conditions near
the ground. The model was built and validated using the data collected for southern
Ontario, Canada for 2004. Overall, the model is able to explain 65% of the variability in
ground-level PM2.5 concentration. The model predicted values are highly correlated with
the actual observations. The root-mean-square error of the model is 6.1µg/m³. The
incorporation of ground-level temperature and relative humidity are found to be very
significant in improving the model predictability. The coarse resolution of the assimilated
meteorological fields limits their value in the AOD correction. The model provides a costeffective approach for obtaining supplemental PM2.5 concentration information in
addition to the ground-based monitoring station measurement.
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4.1 Introduction
Exposure to fine particulate matter with diameters less than 2.5 µm (PM2.5) has
negative effects on human health and may induce respiratory problems, cardiovascular
and lung diseases, and additional health problems (Pope III et al., 2002; Kappos et al.,
2004). Both short-term and long-term exposures to PM2.5 have been linked to increased
morbidity (Brunekreef and Holgate, 2002; Miller et al., 2007). The measurement of
ground-level PM2.5 concentration on a regular basis is therefore of great importance to
epidemiological studies; it also provides valuable information for an effective
management and forecasting of air quality (Al-Saadi et al., 2005). Air quality monitoring
networks have been established in many developed countries (e.g. the United States and
Canada) and developing countries (e.g. China and India) to take measurements of
pollutant concentrations at different locations, on a daily or hourly basis. The temporal
resolution and accuracy of air quality data varies depending on the measurement method
(Cyrys et al., 2001).
Although ground-based measurements are generally considered to be accurate,
they are representative for only relatively small areas around point stations. Often, the
limited spatial coverage and irregular distribution of ground-based monitoring stations
largely restricts the study on space-time dynamics of air pollution and its impacts on
human health and the environment. Alternatively, complex process-based air pollution
models, which estimate pollutant concentrations by considering pollutant generation,
transportation, and removal, are hampered in a lot of cases by the incomplete information
of anthropogenic emission inventories and natural sources (Koelemeijer et al., 2006).
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Satellite remote sensing has been employed to supplement the prediction of
ground-level PM2.5 concentration (GL-[PM2.5]). Satellites are able to cover vast spaces at
a relatively low cost. For aerosol studies, the launch of the Moderate Resolution Imaging
Spectroradiometer (MODIS) has enabled the retrieval of aerosol optical depth (AOD)
data globally from the satellite’s spectral observations. MODIS AOD is a measure of light
extinction by aerosols in an atmospheric column during the satellite overpass. With the
evolution of the retrieval algorithm (as discussed in Section 3.2), MODIS AOD has
become increasingly important in the role of producing more accurate estimation for the
GL-[PM2.5]. The Multiple Imaging Spectroradiometer (MISR) has the capability of
providing aerosol data globally as well. MODIS and MISR AOD data differ in their
retrieval strategy and spatial and temporal characteristics (Xiao et al., 2008).
A number of studies have been devoted to exploiting the quantitative relationship
between satellite-measured AOD and GL-[PM2.5]. Efforts have been made to investigate
the correlation between these two variables and its variation across space and time
(Engel-Cox et al., 2004; Hutchison et al., 2004; Hutchison et al., 2005; Gupta et al.,
2006). Although the strength of correlation between satellite-measured AOD and GL[PM2.5] was reported to be different for various study areas, the tremendous potential of
using satellite remote sensing for prediction of ground level conditions has been
commonly agreed. The AOD data from the MODIS satellites onboard Terra and Aqua
platforms have been compared in the strength of their correlation to GL-[PM2.5]; the
spectral, spatial, and temporal sensitivity of the correlations have been discussed (see
Chapter 3). In addition, attempts have been made to model the AOD-PM2.5 relationship
by incorporating certain environmental factors. For example, empirical models have been
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developed in a number of forms ranging from simple linear relationships to more
complex nonlinear relationships involving meteorological and geographical data (Liu et
al., 2005; Koelemeijer et al., 2006; Kumar et al., 2007). However, the predictive power of
the models in the literature is not satisfactory, even taking into account those models that
require a relatively large number of inputs. Although certain columnar atmospheric
characteristics (e.g. model-assimilated boundary layer height) have been accounted, the
meteorological condition at the ground level has not been explicitly considered in the
process of modelling the GL-[PM2.5].
In this paper, a new model is developed that can be used to better predict GL[PM2.5] at a regional scale. The model is designed to synthetically use satellite
observations, assimilated meteorological fields, and ground-based meteorological
measurements, and is regarded as a semi-empirical model as the constitution of the model
draws insights from the related theories and is statistically driven by data.

4.2 MODIS AOD retrieval and its relation to ground-level PM2.5
concentration (GL-[PM2.5 ])
Aerosols are generally recognized as solid or liquid particles suspended in the air.
AOD ( τ ) is defined as the integral of aerosol extinction along an atmospheric column
from the ground to the top of the atmosphere (Chylek et al., 2005). Theoretically, τ can
be calculated by:

∞

τ = ∫ σ ext (h)dh

(4.1)

0
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where s ext(h) is the aerosol extinction coefficient at the vertical elevation h above the
ground. In theory, AOD is parameterized as the log of the ratio of irradiance at the top of
atmosphere to irradiance at the surface. With the aid of a MODIS equipped satellite, AOD
can be computed using the radiative transfer model based on radiances recorded by the
sensor (Kaufman et al., 1997).
In comparison, GL-[PM2.5] measures the mass concentration of fine particulate
matter (=2.5 µm in diameter) in the atmosphere near the ground. The original AOD can
be corrected (AOD*) to better correlate with GL-[PM2.5] by using the following equation
(Koelemeijer et al., 2006):

AOD* =

AOD
f ( Humidity) BLH

(4.2)

where BLH denotes the planetary boundary layer height and f(Humidity) is an exponential
function of columnar humidity. The correction is to remove the effects of water vapor and
atmospheric column height on the optical extinction efficiency.
Kaufman et al. (2003) suggest that the majority of aerosols reside in the lower
troposphere, particularly in the planetary boundary layer (PBL) where the particles are
more evenly distributed due to the active mixing. In the PBL, the properties of aerosols
normally do not change substantially with altitudinal change, especially when convection
is salient. The impact of water vapor on AOD can be quantified as a function of the
boundary layer humidity. A number of studies (Chin et al., 2002; Liu et al., 2005;
Donkelaar et al., 2006; Koelemeijer et al., 2006) have suggested that air humidity
accounts for part of the optical extinction. For example, when air humidity is high,
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hygroscopic particles can grow exponentially in size, resulting in a significant increase of
their extinction efficiencies and the overestimation of aerosol mass. On the other hand, a
thicker PBL usually corresponds to a lower aerosol density for a given AOD value. BLH
is therefore regarded as a denominator of MODIS AOD in its relationship to GL-[PM2.5].
Moreover, there are a number of other factors that link AOD and GL-[PM2.5], including
particle composition, size distribution, and vertical profile. The information on these
factors may be used to further improve the modelling of the AOD-PM2.5 relationship
(Hutchison et al., 2008).

4.3 Data collection and processing
Data from various sources were collected for this research, from the historic air
quality data, MODIS aerosol imagery, assimilated meteorological fields characterizing
columnar atmospheric properties, and ground-based meteorological measurements.

4.3.1 Ground-based PM2.5 concentration data
The Ontario Ministry of Environment (OME) operates a monitoring network
measuring ground-level PM2.5 concentration (GL-[PM2.5]) on an hourly basis. The data is
used to check compliance with acceptable values and report risks to the public. Hourly
GL-[PM2.5] measurements (in µg/m³) throughout the 2004 year were obtained from the
OME’s electronic archive of historical air quality data. These measurements were taken
by 30 monitoring stations (see Figure 4.1) across southern Ontario. According to the
OME (1998), continuous measurements of hourly GL-[PM2.5] at the ground level are
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obtained by the Tapered Element Oscillating Microbalance (TEOM) method. This
method measures the accumulation of mass on a filter that is attached to the tip of a
hollow, tapered, and oscillating glass rod. Direct measurement of mass accumulation on
the filter is obtained based on the change in the oscillating frequency over time. It should
be noted that this method measures the dry mass of the aerosols under investigation and
may undervalue the aerosol concentration due to aerosol evaporation. Invalid data (values
are documented in the metadata) due to extreme weather conditions or equipment
disorder were removed, maintaining only those data that represent the real concentrations
of fine particulate matter around the station locations. Fifteen stations were selected to
provide the data for modelling, while another 15 stations were preserved for validation
(Figure 4.1). Both the modelling stations and the validation stations were selected to have
a reasonable spatial coverage and distribution. Neither group of stations showed
noticeable spatial patterns.
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Figure 4.1 Spatial distribution of the OME air quality monitoring stations (divided into
modelling stations and validation stations) used in this study.

4.3.2 MODIS satellite data

MODIS aerosol products were obtained from NASA’s Goddard Space Flight
Center through the Atmosphere Archive and Distribution System. The file products were
originally provided in a hierarchical data format (HDF), and were read and processed
using MATLAB software (version R2006b). The MODIS AOD retrieval algorithm has a
lengthy history of evolution. The AOD values used in this study were derived by the
NASA aerosol data team, based on their version 5 algorithm of aerosol property retrieval.
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Each AOD image has a spatial resolution of 10km×10km at nadir. In total, there were 807
and 844 MODIS AOD images collected from Terra and Aqua, respectively, each of
which included all of, or a portion of southern Ontario depending on acquisition time.
Closer examination of the images showed that most of the valid AOD values were taken
from April to November. The MODIS AOD data are provided at three wavelengths: 0.47
µm, 0.55 µm, and 0.66 µm. Previous work established in Chapter 3 suggests that the AOD
values at 0.47 µm are the best indicator of GL-[PM2.5]. Therefore, the AOD values at this
wavelength were extracted and used in this study.

4.3.3 GEOS-4 meteorological fields

Meteorological fields including boundary layer height (BLH), specific humidity
(SH), air pressure (AP), and air temperature (AT) were obtained from the NASA Global
Modelling Assimilation Office. These meteorological fields are assimilated based on the
various observations of the Goddard Earth Observing System (GEOS). The GEOS-4
meteorological fields were provided at a resolution of 1° latitude × 1.25° longitude. While
the BLH data is two-dimensional, the SH and AT data are provided in three dimensions,
including a stack of layers assimilated at 55 vertical layers. SH, AT, and AP were used to
calculate the relative humidity (RH) at each of the six bottom layers, which together
correspond to the lower troposphere (approximately the lower 2-3km of the atmosphere).
A well-known equation for calculating saturation water vapor (Buck, 1981) was adopted
so that RH could be derived as the ratio of water vapor pressure (a function of SH and
AP) over saturation water vapor pressure (a function of AT and AP). The GEOS-4
columnar relative humidity (GRH) of the lower troposphere was subsequently estimated
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by averaging the obtained RH values for the bottom atmospheric layers. The collected
GEOS-4 data covers the time period of June to October instead of the full year due to its
availability.

4.3.4 Ground-based meteorological measurements

The ground-based meteorological measurements of year 2004, including surface
wind speed (SWS), surface temperature (ST), and surface relative humidity (SRH), were
collected from the weather monitoring stations distributed across southern Ontario. The
data was originally provided by Environment Canada (EC) in 16 separate text files, where
each file included the data from one or more weather stations within a certain watershed.

4.3.5 Data processing and integration

The data from the above four sources were co-located in both space and time (see
Appendices A-D for details about the data extraction and co-location) to establish a
complete dataset that serves as the basis for the following analyses and modelling. The
point-based station data (including GL-[PM2.5], ST, SRH, and SWS) and the area-based
image data (including MODIS AOD, GEOS-4 BLH, and GEOS-4 RH) were associated in
space based on their proximity. For instance, a GL-[PM2.5] reading from an air quality
station was associated with the value of the MODIS AOD pixel covering the station. The
BLH and GRH values were interpolated, using the inverse distance weighting method, for
each station location from its four closest pixel centres. The meteorological data from the
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closest weather station was used to represent the meteorological condition for an air
quality monitoring station.
In time, a nearly instant MODIS AOD measurement was associated with the
coincident hourly measurements of GL-[PM2.5], ST, SRH, and SWS, and multi-hour
averages of GEOS-4 BLH (3 hour average) and GRH (6 hour average). More detailed
characteristics of the variables involved in the modelling process are summarized in Table
4.1. The entire dataset was further divided into the modelling set and the validation set
according to the station that measured the PM2.5 data (see Section 4.3.1). The data in the
modelling set was further sampled to allow longer time lag (4 days on average) between
the observations. This is intended to minimize the impact of temporal autocorrelation
during the modelling.

Table 4.1 Description of the variables included in the modelling
Variable Name

Unit

Frequency

Source

GL-[PM2.5]

µg/m³

hourly

OME air quality monitoring
stations

MODIS AOD at 0.47 µm

unitless daily

MODIS satellite

GEOS-4 BLH

m

every 3 hours

GEOS-4 model assimilation

GEOS-4 RH (GRH)

%

every 6 hours

GEOS-4 model assimilation

Surface Temperature (ST)

°C

hourly

EC weather monitoring stations

Surface RH (SRH)

%

hourly

EC weather monitoring stations

Surface Wind Speed (SWS)

km/hr

hourly

EC weather monitoring stations
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4.4 Model development
Defining the form of a model for ground-level PM2.5 concentration (GL-[PM2.5])
prediction is critical in the modelling process. Due to the complexity of the problem
under investigation, a deterministic model seems to be unrealistic in the present. Instead,
a statistical model can be developed to more effectively describe the quantitative or
numerical relationship existing between the predictors and GL-[PM2.5]. Two models were
developed and compared in this research: (1) a simple linear regression model (termed as
Model-I) fitted between AOD and GL-[PM2.5], and (2) a semi-empirical model (Model-II)
that considers MODIS AOD, GEOS-4 meteorological fields, and ground-level
meteorological parameters for an improved prediction of GL-[PM2.5]. Model-II is
regarded as being semi-empirical as the constitution of it is both data-driven and shaped
by the related theories.
Model-I assumes a linear relationship between MODIS AOD and GL-[PM2.5].
This model was mainly used to compare with similar models developed in the previous
research and with the proposed Model-II in the present research. The model
parameterization process requires a coexistence of the values for all of the included
variables. Since Model-I incorporates fewer variables than Model-II, it was decided to
develop Model-I based on two groups of data, with one group containing all valid data
pairs of AOD and GL-[PM2.5] from the modelling dataset (Model-IA) and only the pairs
involved in the parameterization of Model-II for the other (Model-IB). The model
coefficients (slopes and intercepts) were determined by regressing GL-[PM2.5] on AOD
for these two groups of data.
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In essence, Model-II consists of two major components: corrected MODIS AOD
by the assimilated GEOS-4 meteorological fields (see Section 4.3.3), and the groundbased meteorological measurements (see Section 4.3.4). While the former characterizes
the columnar aerosol density, the latter can be understood as the sensitive impact factors
that significantly influence the GL-[PM2.5]. MODIS AOD was corrected in the manner
shown by Equation (4.2), using GEOS-4 BLH and the calculated GEOS-4 RH (or GRH)
as the representative variables of mixing height and boundary layer humidity,
respectively. As highlighted in Section 4.1, the response of GL-[PM2.5] to meteorological
conditions at the ground level has not been well addressed and still remains unclear. To
perceive some understanding of the co-variation between GL-[PM2.5] and the possible
predictors prior to modelling, GL-[PM2.5] was plotted against ST, SRH, and SWS. A
LOESS (locally weighted polynomial regression) trend line was added on each scatterplot in Figure 4.2. LOESS was used because it combines much of the simplicity of linear
least squares regression with the flexibility of nonlinear regression. It fits simple models
to localized subsets of the data and therefore does not require a global function of any
form to fit a model to the entire data. For more details, please refer to Cleveland and
Devlin (1988).
As can be seen from Figure 4.2a, despite the random variations, there seems to
be a semi-exponential relationship between GL-[PM2.5] and ST. GL-[PM2.5] does not
change substantially when the ST is below 18°C, but increases superlinearly at higher
temperatures and demonstrates an exponential trend. In comparison, SRH seems to be
associated with GL-[PM2.5] in a nearly linear fashion with a positive slope (see Figure
4.2b). No noticeable co-variation is found between SWS and GL-[PM2.5] (see Figure
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4.2c) as the points appear to be randomly distributed. SWS was therefore not included in
the modelling.
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GL-[PM2.5] (µg/m³)

a

GL-[PM2.5] (µg/m³)

Surface Temperature (°C)

b
Surface Relative Humidity (%)

Figure 4.2 Scatter plots of the ground-based meteorological measurements (a. surface
temperature (ST); b. surface relative humidity (SRH); and c. surface wind speed (SWS))
against the dependant variable of ground-level PM2.5 concentration (GL-[PM2.5]).
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GL-[PM2.5] (µg/m³)

c
Surface Wind Speed (km/hr)

Figure 4.2 Scatter plots of the ground-based meteorological measurements (a. surface
temperature (ST); b. surface relative humidity (SRH); and c. surface wind speed (SWS))
against the dependant variable of ground-level PM 2.5 concentration (GL-[PM2.5])
(continued).

Based on the above pre-modelling analyses, the form of the semi-empirical model
was decided and can be expressed as:

GL - [PM 2.5 ] = exp(β 0 ) ⋅ AOD β AOD ⋅ BLH β BLH ⋅ exp(β GRH GRH ) ⋅ exp(β ST ST ) ⋅ SRH β SRH
(4.3)

where GL-[PM2.5], the dependent variable on the left-hand side, is the hourly average of
ground-level PM2.5 concentration. The independent variables (or predictors) on the right-
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hand side include remotely-sensed MODIS AOD, assimilated GEOS-4 boundary layer
height (BLH) and relative humidity (GRH), and ground-based meteorological
measurements of surface temperature (ST) and surface relative humidity (SRH). The
parameters ß with different subscriptions denote the respective regression coefficients. An
exponential function of ST was used due to its superlinear impact to GL-[PM2.5] shown
by Figure 4.2a. The AOD correction, using BLH and GRH, assumes a relatively smooth
vertical profile of particulate matter so that its concentrations at various altitudes are
correlated to the ground-level concentration. However, because the vertical profile is
likely to be skewed to some degree near the ground, the corrected MODIS AOD seems to
only explain part of the variability in GL-[PM2.5]. ST and SRH were therefore employed
to further adjust the corrected AOD values to approach the real GL-[PM2.5] values.
As Model-II incorporates the closely related meteorological variables from both
GEOS-4 model assimilation and ground-based measurement, it has a much stronger
physical meaning than Model-I. It should also be emphasized that the model predicts the
hourly GL-[PM2.5] coincident to the MODIS satellite overpass, at a regional scale. To
facilitate the model parameterization, Equation (4.3) was log-transformed into a linear
regression form for the coefficients to be more easily resolved.

ln(GL - [ PM 2.5 ]) = β 0 + β AOD ln( AOD) + β BLH ln( BLH ) + β GRH GRH +
β ST ST + β SRH ln(SRH )
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(4.4)

4.5 Results and discussion
4.5.1 Descriptive statistics
Descriptive statistics of the data used for the parameterization of Model-IA/B and
Model-II are summarized in Figures 4.3 and 4.4, respectively. The MODIS AOD data
used in Model-IA has a mean value of 0.27 and a standard deviation of 0.25. The
corresponding hourly ground-level PM2.5 concentration (GL-[PM2.5]) ranges from 0
µg/m3 to 58 µg/m3, with a mean value of 6.9 µg/m3. Not surprisingly, these two data
exhibit a similar frequency distribution towards the lower bound over their value ranges,
as these two variables have been proven to be well correlated (see Chapter 3). Model-IB
used the same MODIS AOD and GL-[PM2.5] data as Model-II.
The data used to develop Model-II falls in a time frame of June to October due to
the unavailability of the GEOS-4 data other than that time period in this research. The
involved GL-[PM2.5] data has a mean value of 11.7 µg/m3 and a standard deviation of
11.0 µg/m3. The maximum hourly GL-[PM2.5] reaches a level of 48 µg/m3. Meanwhile,
MODIS AOD is found to have a mean value of 0.36 and a standard deviation of 0.30
(Figures 4.4a and 4.4b). The MODIS AOD and GL-[PM2.5] data used for Model-II exhibit
a similar frequency distribution as well. BLH (993m ± 410m) and GRH (66% ± 15.2%)
are found to be less variable when compared with MODIS AOD and GL-[PM2.5]; they
both show a nearly normal distribution (Figures 4.4c and 4.4d). For the ground-based
meteorological measurements, ST varies dramatically over the seasons but is primarily
within the range of 14°C to 31°C in our dataset. A relatively high mean value of SRH
(61%) implies the humid atmospheric environment due to the existence of sufficient
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water bodies (e.g. the Great Lakes) within and around southern Ontario. The SRH data
also exhibits a nearly normal distribution, with a minimum and maximum value of 30%
and 89%, respectively (Figures 4.4e and 4.4f).
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GL-[PM2.5] (µg/m3)

MODIS AOD (dimensionless)

Figure 4.3 Histograms and descriptive statistics of the variables GL-[PM2.5] (left) and MODIS AOD (right) involved in the
development of Model-IA.
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b

a

GL-[PM2.5] (µg/m3)

MODIS AOD (dimensionless)

Figure 4.4 Histograms and descriptive statistics of the variables (a. GL-[PM2.5], b. MODIS AOD, c. GEOS-4 Boundary Layer Height
(BLH), d. GEOS-4 Relative Humidity (GRH), e. Surface Relative Humidity (SRH), and f. Surface Temperature (ST)) involved in the
development of Model-II.
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c

d

Figure 4.4 Histograms and descriptive statistics of the variables (a. GL-[PM2.5], b. MODIS AOD, c. GEOS-4 Boundary Layer Height
(BLH), d. GEOS-4 Relative Humidity (GRH), e. Surface Relative Humidity (SRH), and f. Surface Temperature (ST)) involved in the
development of Model-II (continued).
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e

f

Figure 4.4 Histograms and descriptive statistics of the variables (a. GL-[PM2.5], b. MODIS AOD, c. GEOS-4 Boundary Layer Height
(BLH), d. GEOS-4 Relative Humidity (GRH), e. Surface Relative Humidity (SRH), and f. Surface Temperature (ST)) involved in the
development of Model-II (continued).
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4.5.2 Model parameterization

a) Model-I
Hourly GL-[PM2.5 ] was first regressed on all the MODIS AOD data in the
modelling dataset. The resultant model (Model-IA) was found to be significant (p <
0.001) and could explain 38% of the variability in the corresponding hourly GL-[PM2.5]
(Table 4.2). The slope of 22.21 is very close to the value (22.55) presented in Engel-Cox
et al. (2004), which correlates MODIS AOD and GL-[PM2.5] across the continental U.S.
The difference between the estimated constant, 7.54 in Engel-Cox et al. (2004) and 1.04
here, may reflect the different background levels of GL-[PM2.5 ] in the U.S. and in
southern Ontario, Canada.
Hourly GL-[PM2.5] was then regressed on the MODIS AOD data that was
included in the parameterization of Model-II. The resultant model (Model-IB) was also
found to be significant (p < 0.001). A larger slope and higher intercept were obtained,
implying an increased sensitivity and elevated background levels, respectively. In
comparison to Model-IA, Model-IB represents the linear AOD-PM2.5 relationship in the
time period of summer and fall (June to October). Overall, Model-I provides a simple but
effective way to estimating GL-[PM2.5], especially when MODIS AOD is the only data
available for the area of interest.
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Table 4.2 Estimated coefficients of the simple linear regression model (Model-I) for the
prediction of hourly ground-level PM2.5 concentration (GL-[PM2.5], µg/m3) using MODIS
AOD
Model-IA

Model-IB

Model Predictors
Estimate

Std error

p-value

Estimate

Std error

p-value

AOD

22.212

1.203

0.000

26.671

1.841

0.000

Intercept

1.036

0.437

0.018

2.116

0.861

0.015

Goodness of fit r

2

0.38

0.51

b) Model-II
The model described by Equation (4.4) was fitted using the modelling dataset to
estimate the model coefficients. Overall, the resultant model is found to be highly
significant (p < 0.001) and is able to explain 65% of the variability in the hourly GL[PM2.5] data (Table 4.3). This model surpasses Model-IB by an r2 increase of 14%, which
is substantial in the context of modelling ability. Closer examination of the model reveals
that MODIS AOD is a highly significant predictor (p < 0.001). The estimated power of
MODIS AOD (0.328±0.052) was positive and smaller than 1, meaning GL-[PM2.5] varies
sublinearly with MODIS AOD measurements when the other predictors are controlled.
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Table 4.3 Regression coefficients of the semi-empirical model (Model-II) for the
prediction of hourly ground-level PM2.5 concentration (GL-[PM2.5], µg/m3) using MODIS
AOD, GEOS-4 BLH, GEOS-4 RH, ST, and SRH

Model Predictors

Estimate (ß)

Std error

p-value

Ln(AOD)

0.328

0.052

0.000

Ln(BLH)

-0.054

0.146

0.712

GRH

-0.008

0.004

0.064

ST

0.140

0.018

0.000

Ln(SRH)

1.678

0.236

0.000

Constant

-6.700

1.665

0.000

*Goodness of fit r2 = 0.65

Although a negative coefficient (-0.054) was found for BLH, this predictor did not
appear to be significant. It is understandable that aerosol density should increase when the
boundary layer shrinks, and vice versa, given the fact that aerosols are mainly trapped
within this layer of the atmosphere. The lack of significance may be attributed to the
indirect method of measurement employed since GEOS-4 BLH values were obtained by
model assimilation; furthermore, GEOS-4 BLH are provided in a very coarse resolution
of 1° × 1.25° and cannot capture the detailed variations over shorter distances (e.g. less
than 100 kilometers). GEOS-4 BLH may become an ineffective predictor if such
variations are significant in the study area.
The average GRH of the bottom atmospheric layers was found to be significant to
the GL-[PM2.5] prediction. The negative coefficient (-0.008 ± 0.004) indicates that the
presence of water vapor accounts for part of the optical extinction sensed by MODIS.
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Given an AOD value, the higher the GRH, the lesser the actual columnar aerosols are
likely to be. The reason for this is that hygroscopic particles such as ammonium sulfates
and ammonium nitrates can grow exponentially in size and dramatically enhance their
light extinction efficiencies (Malm et al., 2000). The model therefore corrects the
humidification effect in the optical depth estimation by MODIS.
It was found that the incorporation of surface temperature (ST) and surface
relative humidity (SRH) can significantly enhance the predictive power of the model. In
particular, ST was found to be highly significant (p < 0.001). The positive sign of the
estimated coefficient for surface temperature indicated that, a corrected AOD (AOD*) by
PBL and GRH should correspond to a higher GL-[PM2.5] near the ground as a response to
a higher ST. Holben et al. (2001) suggests that higher insolation may also enhance
photochemical conversion of gases to aerosols. According to Dawson et al. (2007), the
response of GL-[PM2.5] to temperature was mainly the result of competing changes in
sulfate and nitrate concentrations with a minor role played by organics. More specifically,
PM2.5 sulfate concentrations tend to increase as temperature increases, while PM 2.5 nitrate
concentrations decrease. The concentration of sulfates increases faster than the
corresponding decrease in nitrates resulting in an overall increase in PM2.5 (Dawson et
al., 2007). As can be seen from Figure 4.2a, when the surface temperature increases, the
net effect of the competing changes is an elevated GL-[PM2.5] in southern Ontario. This
may provide some side-evidence for the aerosol composition in the area.
SRH was also found to be significant (p < 0.001) in predicting GL-[PM2.5]. Given
a certain AOD*, the actual GL-[PM2.5] tends to have a higher value when the SRH
increases and the ST is controlled. A positive correlation between GL-[PM2.5] and SRH
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was also found in Barman et al. (2008). It has been suggested by Seinfeld and Pandis
(2006) that, increases in humidity shift the equilibrium of the ammonia-nitric acid system
toward the aerosol phase, and therefore results in elevated concentrations of ammonium
nitrate aerosol. This may be able to explain the increase of GL-[PM2.5] as a response to
the increase of SRH.
Since BLH was found not to be significant in the modelling, the regression was
subsequently performed again based only on the four independent predictors, excluding
BLH. The resultant model (see Table 4.4) is highly comparable with the previous one in
terms of goodness of fit (r2 = 0.65) and the estimated coefficients. This verifies that the
GEOS-4 BLH data contributes little to the GL-[PM2.5] prediction of our model.
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Table 4.4 Regression coefficients of the semi-empirical model (Model-II) for the
prediction of hourly ground-level PM2.5 concentration (GL-[PM2.5], µg/m3) using MODIS
AOD, GEOS-4 RH (GRH), ST, and SRH
Model Predictors

Estimate (ß)

Std error

p-value

Ln(AOD)

0.316

0.050

0.000

GRH

-0.007

0.003

0.026

ST

0.141

0.017

0.000

Ln(SRH)

1.694

0.234

0.000

Constant

-7.238

1.124

0.000

* Goodness of fit r2 = 0.65

4.5.3 Model validation
The models developed in Section 4.5.2 were applied to the validation dataset in
order to evaluate their performance in predicting hourly ground-level PM2.5
concentrations (GL-[PM2.5]). Model-IA was applied to all the MODIS AOD data
available in the validation dataset. The predicted values yielded a correlation coefficient
of 0.6 (r2 = 0.36) with the observed values. The root mean square error (RMSE) of this
model was found to be 7.3 µg/m3 for a mean GL-[PM2.5 ] of 7.8 µg/m3. As can be seen
from Figure 4.5a, the points appear to be rather scattered and mainly fall in a wide belt
covering the regression line. Applying Model-IB to the MODIS AOD data that was used
in the validation of Model-II resulted in a comparatively higher agreement (r2 = 0.49)
between the predicted values and the observed values (Figure 4.5b). A RMSE of 7.4
µg/m3 was found for a mean GL-[PM2.5] of 10.3 µg/m3. A simple linear model is valuable
to attempt the estimation of GL-[PM2.5] merely from MODIS AOD, especially in summer
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and fall. For some rural or remote areas, satellite observations like MODIS AOD may be
the only data source available for the local GL-[PM2.5] estimation.
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a

Observed GL-[PM2.5] (µg/m³)

b

r2 = 0.36
n = 1582
y = 1.006x+0.822

r2 = 0.49
n = 643
y = 1.0406x+0.476

Predicted GL-[PM2.5] (µg/m³)

Predicted GL-[PM2.5] (µg/m³)

Figure 4.5 Scatter plots of the observed vs. the predicted hourly ground-level PM2.5 concentrations (GL-[PM2.5], µg/m3) by applying
Model-IA (a) to all the MODIS AOD available in the validation dataset; and by applying Model-IB (b) to the MODIS AOD data that
was used to validate Model-II.
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Model-II, the proposed semi-empirical model, was able to provide much better
prediction results for most cases. The predicted values are highly correlated with the
observed ones (r2 = 0.64). However, it was noticed that the points are more distributed
along a quadratic line (see Figure 4.6a). The model tends to underestimate GL-[PM2.5]
when their actual values are relatively high. This is mainly because that about 98% and
80% of the GL-[PM2.5] values in the modelling dataset were below 40 µg/m3 and 20
µg/m3, respectively. The model was regressed to fit these data and hence does not
represent the relationship between the predictors and higher GL-[PM2.5] values very well.
For the purpose of predication, a secondary transformation may be needed. A quadratic
transformation was subsequently performed on the predicted values using the equation
shown in Figure 4.6a. A RMSE of 6.1 µg/m3 for a mean GL-[PM2.5] of 10.3 µg/m3 was
obtained. For the observed GL-[PM2.5] values of >20 µg/m3 (mean = 29.1 µg/m3), the
model produced a RMSE of 10 µg/m3. Very high GL-[PM2.5] values (e.g. > 60 µg/m3) are
much less frequent when compared to the lower ones and they are often induced by some
pollution events affecting only the nearest station and its relatively small surrounding
area. The instant observations of MODIS AOD can hardly represent these elevated levels
of GL-[PM2.5] unless they last fairly long and impose impact on a considerably large area.
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a

Observed GL-[PM2.5] (µg/m³)

b

r2 = 0.64
n = 643
2
y = 0.02x +0.986x

r2 = 0.66
n = 643
y = 1.017x-0.204
Predicted GL-[PM2.5] (µg/m³)

Predicted GL-[PM2.5] (µg/m³)

Figure 4.6 Scatter plots of the observed vs. the Model-II predicted hourly ground-level PM2.5 concentration (GL-[PM2.5 ], µg/m3)
before (a) and after (b) the quadratic transformation for the validation dataset.
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When separating the validation dataset by land use, it was found that the model
yielded slightly better predictions at agricultural/rural stations (r2 = 0.70) than urban
stations (r2 = 0.64). There were 5 agricultural/rural stations and 10 urban stations in our
validation dataset. Particulate matter is likely to be more evenly distributed over
agriculture areas due to the relatively homogeneous background of vegetation. Therefore,
the models making use of MODIS AOD that characterize a relatively large area can
predict GL-[PM2.5] more precisely in agricultural/rural areas.

4.6 Concluding remarks
This paper has proposed an effective semi-empirical model for the prediction of
ground-level PM2.5 concentration (GL-[PM2.5]). Remotely-sensed MODIS AOD, GEOS-4
assimilated relative humidity, and ground-based measurements of surface temperature
and surface relative humidity have been found to be highly significant in the prediction.
The model was able to explain more than 65% of the variability in the hourly GL-[PM2.5],
and predicted the realizations with a RMSE of 6.1 µg/m3. Closer examination revealed
that the model produced smaller relative errors for larger GL-[PM2.5] predictions.
Moreover, the model was able to provide slightly better prediction results for
agricultural/rural areas than urban areas.
In essence, the model corrects MODIS AOD by removing the optical extinction
caused by humidification and uses surface temperature and surface relative humidity to
further calibrate the corrected AOD value towards the PM 2.5 concentration at the ground
level. The form of the model was decided by analyzing the numerical relationship
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between the possible predictors and the dependent variable of GL-[PM2.5]. The observed
response of GL-[PM2.5] to surface temperature and relative humidity has important
implications in the local particulate matter composition. The proposed model is
anticipated to be easily applied to other regions with some degree of coefficient
modification.
AOD data with a finer spatial resolution and more detailed information about
boundary layer height may be necessary to further improve the model predictability.
Metrics charactering land use structure should also be developed to be incorporated in the
model in future research. In addition, it should be noted that the proposed model cannot
be used to replace the monitoring stations or accomplish the monitoring task consistently
throughout a year, simply because the data availability is not guaranteed due to cloud
contamination or snow cover. Although being less accurate for the purpose of GL-[PM2.5]
prediction, a simple linear regression model is still rather valuable for its simplicity and
reliance on fewer data sources.
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Chapter 5: Integrate satellite remote sensing and ground-based
measurement for the spatiotemporal analysis of ground-level
PM2.5 concentration distribution

Abstract
This paper proposes a novel method for the spatiotemporal modelling of groundlevel PM 2.5 concentration by integrating remote sensing-based predictions and in situ
measurements in the framework of Bayesian Maximum Entropy (BME) analysis. The
powerful BME approach allows rigorous incorporation of a wide variety of knowledge
bases into the spatiotemporal inference leading to an informative estimation and
uncertainty assessment. A statistical method was developed to translate the model
predictions from satellite aerosol data into probabilistic soft data by considering their
uncertainty. A two-day case study of southern Ontario was performed to demonstrate the
research procedure. Both the exact measurements of hourly ground-level PM 2.5
concentration (hard data) and the derived soft data were included as specificatory
knowledge, while the spatiotemporal covariance and the mean trend were incorporated as
general knowledge. The BME analysis resulted in more accurate and informative
estimations in comparison to the traditional spatial Kriging. The BME uncertainty maps
reflect the spatial configuration of the data and the quality of the soft data used. The
present study has important implications to mapping other environmental variables (e.g.
surface temperature), where remote sensing and physical measurement ought to be
synthetically applied.
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5.1 Introduction
The distribution of air pollutants often exhibits considerable variability in both
space and time. The need to map the distribution patterns is therefore essential in various
air quality studies. Fine particulate matter (PM2.5), a major air pollutant, refers to the solid
or liquid particles that are 2.5 µm or less in diameter. The particles originate from both
natural and anthropogenic sources and have been widely linked to public health for their
adverse effects (Kunzli et al., 2000; Kappos et al., 2004).
Air quality monitoring stations are often relatively sparse and irregularly spaced,
providing data with a very limited spatial coverage. On the other hand, satellite remote
sensing has become an increasingly important data source for air composition
information, and has seen a variety of applications ranging from climate change studies to
air quality assessments. As for PM2.5, the aerosol data retrieved from satellite images has
been used to estimate or predict its concentration at the ground level (Engel-Cox et al.,
2004; Donkelaar et al., 2006; Kumar et al., 2007). Aerosol optical depth (AOD) is
particularly recognized as an indicative parameter of ground-level PM2.5 concentrations.
Satellites like the Moderate Resolution Imaging Spectroradiometer (MODIS) and the
Multiangle Imaging SpectroRadiometer (MISR) have the capability of retrieving AOD
based on their spectral observations (Martonchik et al., 2002; Savtchenko et al., 2004).
Various remote sensing-based prediction models (Hutchison et al., 2005; Liu et
al., 2005) have been developed to predict ground-level PM2.5 concentration, normally
employing certain indicative parameters such as AOD and statistically modelling their
relationship with PM2.5. For instance, Kumar et al. (2007) uses a regression model to link
AOD with PM2.5 in a metropolitan area by controlling for weather conditions. A semi126

empirical model considering not only remotely-sensed aerosol data but also
meteorological variables has been developed in Chapter 4 for predicting ground-level
PM2.5 concentration at a regional scale. However, these models usually make predictions
with a much lower accuracy than the physical measurements. It is therefore very
important to effectively integrate these two types of data for a maximum use of the
available information. The impetus is to complement the advantages of the two data sets
and enable analysis that would otherwise be impossible based solely on each data source.
Conventionally, deterministic interpolation methods, like inverse distance
weighting, surface fitting, and spline methods, have been widely adopted to make spatial
inferences and map environmental variables (Dessaint and Caussanel, 1994; Hutchinson
and Gessler, 1994; Myers, 1994). These methods usually can accept irregularly scattered
point-based data to generate a regular grid of interpolated points amenable for contouring.
Geostatistical techniques, typically various forms of Kriging methods, have also been
developed and used to make estimations for unmeasured locations by incorporating the
statistical properties of the measured data (Liu and Rossini, 1996; Webster and Oliver,
2001); they produce not only a prediction surface but also an error or uncertainty surface
that indicates the prediction quality. Despite their practical usefulness in certain
applications, all these methods are argued to have an instrumental character and not
account for the so-called “soft” data (e.g. interval observations and probability
distributions) (Christakos and Li, 1998). The underlying assumptions (e.g. linearity) are
considered to be too restrictive and tend to lead to unrealistic representations of the actual
space-time distribution (Christakos et al., 2004). In addition, Artificial Neural Networks
(ANN) have also been applied in spatial prediction (Rigol et al., 2001). Nevertheless, the
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straightforward application of such black or gray boxes can have some disadvantages
such as the weak ability to explain the modelled results.
Bayesian Maximum Entropy (BME), an innovative geostatistic method, offers a
mathematically

rigorous

and

methodologically

systematic

research

framework

(Christakos, 1998; Christakos and Serre, 2000; Christakos et al., 2001) for the integration
of hard (or exact) measurement and other sources of information (e.g. soft data and prior
knowledge). The BME approach is not separated from the previous methods. Kriging
estimators can be viewed as special cases of the BME analysis, under certain restrictive
conditions (Christakos, 2000). However, in contrast to the classical interpolation
techniques, BME is much more flexible in incorporating information of different forms
and does not make any of the restrictive assumptions (e.g. linearity and normality) that
the conventional methods need.
The BME approach has been used in environmental assessment including air
quality studies and has demonstrated promising results. Christakos and Serre (2000) find
that, by incorporating the interval and probabilistic data from the monitoring stations
(these data cannot be used by the conventional methods), BME produced more accurate
estimates of ground-level PM10 (particulate matter smaller than 10 µm in diameter)
concentration in space and time. Another example is the BME-based mapping of total
ozone (Christakos et al., 2004), where the results are improved by processing the soft
information derived based on the numerical relationship between total ozone and
tropopause pressure. The spatial distribution of

137

Cesium contamination was also

investigated by incorporating the soft data based on repeated measurements in a close
neighborhood, in addition to the exact measurements (Savelieva et al., 2005). A higher
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accuracy was reported for the estimation result. However, the rigorous integration of
remotely-sensed data and in situ measurement has not been well addressed especially
considering its great importance in environmental research and practical application.
The aim of this paper is to propose a research method that integrates ground-based
measurement and remote sensing-based prediction in the BME framework for the
spatiotemporal analysis of ground-level PM2.5 concentration distribution. A theoretical
background of BME is first provided. The detailed procedure of the method is
subsequently presented through a case study of modelling ground-level PM2.5
concentration distributions in southern Ontario during a two-day period. The results are
then assessed and discussed to provide insights to other related studies.

5.2 Theoretical background of Bayesian Maximum Entropy (BME)
5.2.1 The conceptual overview of BME

Bayesian Maximum Entropy analysis was developed in the late 1990’s
(Christakos and Li, 1998), based on a sophisticated mathematical theory of space-time
interpolation. A thorough review of the BME approach is beyond the scope of this paper.
Only a brief elaboration of the main concepts is provided here. BME is developed based
on the definition of a spatiotemporal random field (S/TRF) model assuming a space-time
continuum. Mathematically, values at space/time points can be represented by P=(s, t),
where s is the spatial location vector (e.g. longitude and latitude) and t denotes time
(Christakos and Serre, 2000). The mean function of the S/TRF characterizes trends and
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systematic structures in space/time, and the covariance function can be used to express
spatiotemporal correlations and dependencies.
In essence, the S/TRF model is the collection of all physically possible
realizations of a variable in the space-time domain. A physically possible realization of
ground-level PM2.5 concentration (in this case) has the same statistics and physical laws
as the actual realization (Christakos, 2000). In a stochastic analysis context, it is
commonly desired to derive the probability density functions (PDFs) that characterize the
random field at a point of interest (Christakos et al., 2004). Estimations (e.g. expected
mean) can then be made based on the PDFs.
A key characteristic and merit of BME is its capability and flexibility of making
use of various available information, including general knowledge (G) and specificatory
knowledge (S). The former may include physical laws (e.g. air dispersion functions),
empirical relationships (e.g. historical data-based estimations), and space-time statistical
moments (e.g. mean and covariance), and can be mathematically expressed as the
properly chosen functions ga (a=1, 2,.., N). The latter refers to the knowledge that applies
to a specific case and often denotes the actual data that was obtained for certain locations
within the study area. In modern geostatistics, the specificatory knowledge may be further
classified into two types: hard data and soft data. Hard data usually refers to the exact
measurements of a variable, and is considered to take the measured values with a
probability of one. In comparison, soft data includes relatively uncertain evidence,
experiences, and so forth and is often expressed in terms of intervals and probabilistic
functions.
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5.2.2 The basic equations of the BME method

The BME approach consists of three main stages of synthesizing and processing
information (Christakos at al., 2001): (1) the prior stage acquiring the general knowledge
(K) applicable to the problem under investigation; (2) the meta-prior stage taking into
consideration the specificatory knowledge including hard data (xhard) and soft data (xsoft);
and (3) the stage integrating what are considered in stages (1) and (2), and making
estimates based on the final PDF f K(xmap). The italic capital letters K, G, and S are used as
subscripts to indicate the corresponding analysis stage.
The prior knowledge, or general knowledge, considered at the prior stage can be
expressed in terms of mathematical equations.

g α ( x map ) = ∫ dx map g α ( xmap ) f G ( x map )

xmap = [ x hard , x soft , x k ]

(5.1)

where a = 0, 1,…,N. ga (xmap) are the properly chosen functions (total number is N) of xmap
based on the general knowledge. g α are the corresponding stochastic expectations. By
convention, g 0 = g 0 = 1. fG(xmap) denotes the prior PDF of xmap, which represents a vector
of values at the points with data (xdata) and the points to be estimated (xk). xdata can be
more specifically classified as xhard and xsoft. At the prior stage, specific observations have
not been explicitly taken into consideration. In BME, the information contained in the
prior PDF about the vector xmap is defined by the Shannon information measure (Shannon,
1948).
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Info[ xmap ] = − ∫ dxmap f G ( xmap ) log fG ( xmap )

(5.2)

One of BME’s principles is to maximize the expected information with respect to
the conditions stated in Equation (5.1). Mathematically, the maximum entropy can be
achieved by the method of Lagrange multipliers (Ewing, 1969), and fG(xmap) can be
written as:

f G ( x map ) = exp{µ 0 + ∑α =c 1 µα g α ( x map )}
N

(α = 1,2,..., N )

(5.3)

where µa are Lagrange multipliers associated with ga. µ0 is a coefficient that accounts for
the normalization constraint, g 0 = 1 of the previous step. The µa are functions of the
space-time coordinates and can be determined (or solved) by substituting Equation (5.3)
into Equation (5.1). The prior PDF fG(xmap) can thus be obtained.
In the meta-prior stage, the exact measurements and soft data of various forms
(e.g. interval data and probabilistic data) are collected to build the specificatory
knowledge base, which can be used to refine the prior PDF. The posterior stage integrates
the general knowledge base (G) and the specifictory knowledge base (K) by revising the
former through application of the operational Bayesian conditionalization rule. In this
way, the final PDF fK(x map) can be derived for the points to be estimated as follows:

f Κ ( x k ) = A −1 ∫ dΞ S ( xsoft ) f G ( xmap )

K =GUS

D
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(5.4)

where fK(xk) represents the posterior PDF. Ξ s denotes an operator that mathematically
incorporates the collected hard data and soft data into the integration stage.
A = ∫ dΞ( x soft ) f G ( x data ) is a normalization parameter independent of the value of the
D

point to be estimated (xK). D denotes the soft data domain. fK(xk) contains all the possible
information that can be obtained about the variable probability density distribution.
Based upon the above procedures, BME estimates can now be made for
unmeasured spatiotemporal points, at which the expected values can be determined by:

xˆ K ,mean = ∫ dxk x k f k ( xk )

(5.5)

The BME estimation error measures the variance of the BME posterior PDF, and can be
obtained by Equation (5.6).

σ k = ∫ dxk ( xk − xˆ k ,mean ) 2 f ( x k )
2

(5.6)

Unlike the classical kriging variance that is independent of the data values (Goovaerts,
1997), the BME posterior variance s k2 is a function of both the spatial configuration of the
data and the quality of the soft data used. For more details about BME, please refer to
Christakos (2000).
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5.3 Case study: BME analysis of spatiotemporal PM2.5 concentration
distribution at the ground level
5.3.1 Data description and pre-processing

Our analysis focused on the southern part of Ontario. A two-day time frame
(September 3rd-4th, 2004) was chosen for two reasons: (1) a relatively high level of
PM2.5 concentration was observed at the near ground level for this time period; and (2)
the MODIS AOD images acquired for the time period had an acceptable coverage of the
study area. The data set for this case study consists of two components: ground-based
measurements (hard data) of PM2.5 concentration and remote sensing-based predictions
(soft data). The ground-level PM2.5 concentration (GL-[PM2.5]) data used for this study
was measured on an hourly basis by 36 monitoring stations that are distributed across the
study area. The data was obtained by the Tapered Element Oscillating Microbalance
(TEOM) method. The hourly GL-[PM2.5] data from 28 monitoring stations was included
as hard data in the subsequent spatiotemporal estimation process, while the data from the
remaining 8 stations was preserved for validation purposes. These validation stations
were selected to have a dispersed spatial distribution, covering the major locations of
interest.
Hard data of GL-[PM2.5] is often spatially sparse (this is particularly evident in
southern Ontario). Incorporating soft data was expected to significantly enhance the
ability to capture the spatiotemporal distribution characteristics of GL-[PM2.5]. The soft
data used in this study was obtained by applying the two models developed in Chapter 4
to the valid MODIS AOD measurements for the study area during the study period. The
simple linear model (Model-IB) only considers AOD regardless of meteorological
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conditions, and consequently provides predictions with a much larger uncertainty. On the
other hand, the semi-empirical model (Model-II) has a greater demand on data, requiring
valid inputs of the GEOS meteorological field of relative humidity (GRH) and the
ground-based meteorological measurements of surface temperature (ST) and surface
relative humidity (SRH). As the model effectively accounts for the effects of these closely
relevant meteorological factors, Model-II has been proven able to predict GL-[PM2.5]s
more accurately. In this study, the model chosen to predict GL-[PM2.5] for a given valid
AOD value depended on the availability of the models-required input data. Model-II was
preferred as its data requirement was met, simply because of its stronger predictive power
(lower uncertainty).
It should be recalled from Chapter 4 that both Model-I and Model-II can only
explain part of the variability in GL-[PM2.5]. A statistical method was therefore used to
quantify the uncertainty associated with the model predictions. First, both models were
applied to make predictions for the space-time points that were physically measured.
Second, the predicted values from each model were divided into contiguous nonoverlapping classes according to their corresponding physical measurements. Third, the
measured values corresponding to each class were grouped and basic statistics (e.g. mean
and standard deviation) were calculated for each group. These calculated statistics were in
turn used to translate the predicted values into their respective soft data that represents the
data information as a probabilistic distribution. For instance, mean and standard deviation
were used to define the probabilistic soft data by assuming a nearly normal distribution.
In this manner, every model-predicted value can be associated with a more realistic
representation of probabilistic soft datum, where its uncertainty has been statistically
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accounted for. Examining the soft data obtained using this method reveals that a
probabilistic soft datum with a larger mean usually has a larger absolute variance as well,
although the relative variance to the mean may be smaller. The performance differences
for the models to predict GL-[PM2.5] of various value levels have been documented in
Chapter 4. Moreover, the soft data from Model-I was found to usually have larger
variances than the soft data from Model-II, reflecting the predictive power difference
between the two models.
Figure 5.1 shows the distribution of the hard and soft data that were available at
two hours (used as examples), in which the MODIS satellites passed over the study area.
The sampling density of the monitoring network is very limited and highly
heterogeneous, particularly away from the urban and industrial areas such as Toronto,
Hamilton, and Windsor. As can be seen, the soft data provided significant spatial
coverage of the study area compared to the hard data. For example, there were 866
remote sensing-based soft data available for the 14th hour on September 3rd in contrast to
the 28 hard data by the monitoring stations. Ideally, soft data should be collected with a
higher spatial frequency for the relatively variable areas (e.g. urban areas) in terms of GL[PM2.5]. These areas can be identified along with the development of our understanding
about the GL-[PM2.5] distribution in the study area. However, the areas with a coverage of
satellite data are subjected to the local cloud cover (contaminating satellite images) and
land use/cover (affecting the effectiveness of the retrieval algorithms) as well.
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a

b
Figure 5.1 Spatial distributions of the hard data and the soft data available for hour 14 on
September 3rd (a); and hour 11 on September 4th (b), 2004.
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5.3.2 The development of general knowledge

The general knowledge in this case study included the mean trend and the spacetime covariance of the ground-level PM2.5 concentrations (GL-[PM2.5]s). The mean trend
is a function of space and time that describes consistent patterns in the data (i.e. it
describes where or when the data seems to be consistently higher or consistently lower
than the mean). In the air quality research context, the mean trend in space and time may
represent the general spatial distribution of a pollutant concentration, and its temporal
change due to a possible diurnal cycle of pollutant emissions and/or meteorological
condition changes over days, respectively. The mean trends in space and time were
modelled through a process of temporal exponential filtering and spatial exponential
filtering, respectively. The trends were removed from the data to only keep the spatially
homogeneous/temporally stationary residuals for the subsequent analysis.
The space-time covariances were calculated for all pairs of points (both the hard
and the soft data points) P(s,t) and P(s’,t’) (refer to Section 5.2.1) at spatial and temporal
lags r = |s-s’| and τ = |t-t’|, respectively. The spatial coordinates (longitude and latitude)
of the hard data and the soft data were originally in a geographic coordinate system.
These coordinates were converted into an equidistant coordinate system (North America
Equal Distance Conic) so that ground distances were well preserved for the study area. A
theoretical covariance model that represents the GL-[PM2.5] variation in the space-time
domain was obtained by fitting a non-separable space-time function to the experimental
covariance. The function consists of nested exponential and Gaussian terms.
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C (r ,τ ) = C1 exp[−r / ar1 − τ / aτ 1 ] + C2 exp[−r 2 / ar 2 − τ 2 / aτ22 ]
2

(5.7)

where C1=60, C2=29.2 (both in (µg/m³)2), a r1=6.7, a r2=46.7(both in km), aτ 1 = 5.3 ,
aτ 2 = 8 (both in hours). The spatiotemporal covariance model is plotted and displayed in

Figure 5.2, which displays useful information about the space-time correlation patterns.
The asymptotic shape of the model at larger space-time distances implies spatially
homogeneous and temporally stationary variation of the residuals.
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Figure 5.2 Spatiotemporal covariance model based on the hard and the soft data.
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The exponential component was used to represent processes with a rather rapid
spatial variability over a short range, while the Gaussian component was used to represent
smoother processes with a longer range. The relative dominance of the two terms (C1 and
C2) demonstrates the strong autocorrelation over shorter ranges of space and time. The
first term and the second term have parameters consistent with a local scale and a regional
scale, respectively.

5.3.3 Spatiotemporal estimation of ground-level PM2.5 concentration (GL[PM2.5]) distribution

The covariance model was subsequently blended (refer to Equation (5.4)) with
the site specific (hard and soft) data to perform BME estimations for the unmeasured
spatiotemporal points. For comparison purposes, both spatial BME (S-BME) and
spatiotemporal BME (S/T-BME) were performed to make estimations at the nodes of a
regular grid for every single hour in the study period. The difference between these two
analyses lies in that, the former incorporates only the simultaneous hard and soft data for
the estimation time, while the latter makes use of the data available in the space/time
neighbourhood. The BME outputs at each mapping point included an estimate of its GL[PM2.5] concentration as well as an assessment of the associated error (refer to Equation
(5.6)). In addition, spatial Kriging (SK) analysis was also performed to estimate the GL[PM2.5] distributions by using the simultaneous hard data. Finally, the BME estimations
were validated by comparing the estimated values at the station locations that were
initially removed from the estimation process (for validation). A flowchart is provided to
illustrate the entire research framework and highlight the major procedures (Figure 5.3).
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Figure 5.3 Flowchart of the main procedures in the BME analysis of ground-level PM2.5
concentration (GL-[PM2.5]) integrating MODIS AOD data and ground-based
measurements.
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5.3.4 Result analysis and discussion

The estimation results (see Figure 5.4a and Figure 5.5a) by spatial Kriging (SK)
appeared to be unrealistic and seem to be heavily dependent on the interpolation scheme.
The smooth changes over rather long distances and the massive presence of high values
(the red and dark orange areas) reflect the instrumental character of SK. Due to the
sparsely located monitoring stations, the GL-[PM2.5] concentration values at many
locations had to be estimated by interpolating the station values that are spatially far apart
(the average distance between the modelling stations is about 70 kilometers). If there is
only one station in a fairly large area, its measurement tends to have a profound influence
on all the estimates within the area no matter how variable their realizations are likely to
be. Such estimates can hardly represent the real conditions of the GL-[PM2.5] distribution
across space.
In clear contrast, considerable spatial variation of GL-[PM2.5] is depicted by the
spatiotemporal BME (S/T-BME) estimation maps (Figure 5.4b and Figure 5.5b), as well
as the temporal variation between the maps. Not surprisingly, most of the areas with a
higher concentration of GL-[PM2.5] resemble the urban or industrial areas. A more
realistic assessment of magnitude was obtained especially for the agriculture and rural
areas. These maps were based on an integrated spatiotemporal analysis that accounted for
important cross-correlations and dependencies between GL-[PM2.5]s at various
spatiotemporal points. S-BME produced very similar maps (not presented to avoid
redundancy) as S/T-BME in terms of spatial patterns.
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Spatial Kriging

Spatiotemporal BME

a

b

Figure 5.4 Estimated maps of ground-level PM2.5 concentration (GL-[PM2.5], µg/m³) distribution at hour 14 on September 3rd, 2004
using spatial Kriging (a) and spatiotemporal BME (b).
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Spatial Kriging

Spatiotemporal BME

a

b

Figure 5.5 Estimated maps of ground-level PM2.5 concentration (GL-[PM2.5], µg/m³) distribution at hour 11 on September 4th, 2004
using spatial Kriging (a) and spatiotemporal BME (b).
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Root mean square error (RMSE) and linear correlation coefficient were used to
assess the results. Both measures were calculated based on the estimated values and the
observed values at all the validation stations for the 48 hours. The estimators S-BME and
S/T-BME were found able to produce estimates highly correlated (both about 0.85) with
the observed GL-[PM2.5] at the validation stations. Overall, S/T-BME exhibited high
accuracies in GL-[PM2.5] estimation, resulting in a slightly smaller overall RMSE of 7.5
µg/m³ in comparison to 8 µg/m³ produced by S/T-BME. SK was found to be relatively
poor estimator with a much larger RMSE of 12.8 µg/m³ and its estimated values had a
lower correlation (r = 0.7) with the measured values.
The estimation error may vary across space and time depending on the
spatiotemporal structure and the quality of the data. In the case of S/T-BME estimation,
for example, a RMSE of 2 µg/m³, 5.5 µg/m³, and 7.9 µg/m³ were found for the station
locations in Windsor, Toronto, and Ottawa, respectively (see Table 5.1). A high accuracy
at the Windsor station is mainly attributed to its proximity (about 3.5 km) to another
station that is also located in Windsor. A fairly strong spatial autocorrelation exists
between the measurements taken by these two stations, leading to higher estimation
accuracies. The relatively larger error at the Toronto station is possibly due to the greater
variability of GL-[PM2.5 ] in the city and the uncertainty of the soft data in representing
relatively large values. The low GL-[PM2.5] level at the Ottawa station was accurately
captured by the BME estimators. The incorporation of high quality soft data and the
general knowledge, considered prior to the BME estimation processes, are deemed to
account for the fairly accurate estimation result. However, since there are no monitoring
stations located in the vicinity of this station, SK had an extremely large RMSE of about
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24 µg/m³. SK tends to produce unrealistically erroneous estimates for the locations with
low levels of GL-[PM2.5] or having no neighbouring stations included for estimation. This
is clearly shown by the SK estimation maps in Figure 5.4a and Figure 5.5a.

Table 5.1 Estimation errors by the estimators of spatial kriging (SK), spatial BME (SBME), and spatiotemporal BME (S/T-BME) at the validation stations

Station ID

City/Town

Observed
Mean (µg/m³)

Estimation Error (RMSE, µg/m³)
SK

S-BME

S/T- BME

54012

Belleville

17.8

8.9

7.7

7.5

49010

Dorset

13.1

7.7

8.9

6.0

29118

Hamilton

32.3

6.5

4.8

5.5

48006

Newmarket

28.6

5.8

6.2

7.0

51001

Ottawa

7.3

24.8

10.2

7.9

77219

Sudbury

10.7

21.9

12.9

13.1

31103

Toronto

28.8

5.2

5.7

5.5

12008

Windsor

32.1

2.7

2.4

2.0

Overall RMSE

12.8

8.0

7.5

Overall RMSE was calculated for each hour. Standardized error, the ratio of an
hourly RMSE to the hourly mean of the validation GL-[PM2.5] data, is plotted against
time in Figure 5.6b. As can be seen, all the estimators (SK, S-BME, and S/T-BME)
produce relatively large standardized errors when the mean GL-[PM2.5] value is low (e.g.
during hours 1-6). The standardized error decreases when the hourly validation GL[PM2.5] increases. The BME estimators are found to produce significantly smaller
standardized errors than SK, when the mean GL-[PM2.5] value being estimated is beyond
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20 µg/m³. The BME estimators therefore seem to be superior over SK especially when
estimating larger values of GL-[PM2.5 ]. The two BME estimators produce highly
comparable standardized errors.
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Figure 5.6 Variations of the hourly mean of the ground-level PM2.5 concentration (GL[PM2.5]) data for validation (a); and the hourly standardized error (b), produced by the
estimators of spatial Kriging (SK), spatial BME (S-BME), and spatiotemporal BME (S/TBME) over the 48 hours during the study period.
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In Figure 5.7, GL-[PM2.5] tends to be underestimated especially when the real
value is relatively larger (e.g. >30 µg/m³). This may be partially due to the resolution
discrepancy between the hard data and the soft data used in this study. While the hard
data represents the GL-[PM2.5]s within a close vicinity of the monitoring stations, the soft
data was derived based on areal averages of AOD. Moreover, when the monitoring
stations are located near roads or other types of PM2.5 sources, they tend to record a
higher concentration of PM2.5 (usually 10-20% higher) than the average level over their
entire surrounding area (Seinfeld and Pandis, 2006). The model underestimation is
documented in Chapter 4 as well.
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Figure 5.7 Scatter plot of the spatiotemporal BME estimates versus the observed groundlevel PM2.5 concentration (GL-[PM2.5]) measured by the validation stations.
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An important aspect of a geostatistical pollutant analysis is to assess the
uncertainty associated with a space-time estimation. For illustration purposes, the BME
posterior variance maps associated with the BME estimation maps Figures 5.6b and 5.7b
are presented in Figure 5.8a and Figure 5.8b, respectively. The BME posterior variance
values have a wide range from 6.1µg/m³ to 89.2 µg/m³. It is noticed that higher BME
posterior variances occur mostly in the areas with no or limited coverage of soft and/or
hard data. Other sources of knowledge, including model simulations at smaller scales
(Jerrett et al., 2005), may need to be processed to further reduce the estimation
uncertainty.
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a

b

Figure 5.8 Variance maps associated with the estimated ground-level PM2.5 concentration (GL-[PM2.5]) distribution at hour 14 on
September 3rd (a) and hour 11 on September 4th (b), 2004 using the spatiotemporal BME method.
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5.4 Concluding remarks
Predictions based on remotely-sensed satellite data can be effectively used in
combination with ground-based measurements for modelling the spatiotemporal
distribution of ground-level PM2.5 concentration at a regional scale. Due to the larger
uncertainty associated with the model predictions, it is problematic to treat them equally
with the physical measurements (hard data) in a spatiotemporal inference process. Rather,
a statistical method can be used to characterize these predictions as soft data that follow
certain probability distributions. Bayesian Maximum Entropy (BME) analysis is valued
for its capability to integrate information in various forms (e.g. exact data and
probabilistic data) with a minimum of information loss or abuse.
In the framework of BME, stochastic moments like mean trend and space-time
covariance can be effectively used as general knowledge and blended with the
specificatory knowledge in terms of hard or soft data, for a more informative and realistic
air quality estimation across space and time. It is recognized that the hard data from the
monitoring stations are usually spatially sparse but temporally frequent. On the other
hand, the soft data derived from the remotely-sensed data is more frequently sampled
across space but very sparse in time. A synthetic analysis taking advantage of both data
types can enrich the understanding of the spatiotemporal dynamics of air quality.
Comparison has shown that more detailed spatial variation can be captured by the BME
analysis in comparison to a traditional geostatistical method such as spatial Kriging. The
ground-level PM2.5 concentration at an unmeasured spatiotemporal point can be estimated
fairly accurately by the proposed method, although more thorough assessments of the
method performance need to be made in future research. The BME posterior variances
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imply the corresponding estimation confidences. Efforts should also focus on
incorporating soft data from other sources such as mobile monitoring stations and
process-based estimation models.
In a broader context, many attempts are currently being made to combine satellite
observation and ground-based measurement for a more accurate environmental
modelling. It is very common to deal with the same data acquired by different satellites
and/or the measurements of a same variable by different types of instruments. Typical
examples include mapping soil moisture and surface temperature with the aid of satellite
imagery. The proposed research framework in this paper is expected to be tailored or
modified being applicable to the spatiotemporal analysis of other environmental
variables.
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Chapter 6: General Discussion
6.1 Issues with air quality data and its processing
It is clear that the integrated use of monitoring station data and remotely-sensed
data opens a promising avenue for the development of air quality studies. The air quality
data from ground-based monitoring stations is characterized as being accurate and
frequent. These stations rarely fail to measure pollutant concentrations except during
extreme weather conditions or during instrument failure. The main problem with current
monitoring networks is their limited spatial coverage and unoptimized structure due to the
insufficient understanding of the pollutant distribution. The air quality monitoring
network in Ontario is no exception. Most of Ontario’s monitoring stations are located in
urban areas and measure the local ground-level PM2.5 concentration. The uneven
sampling of air quality in a composite space/time domain provides temporally rich but
spatially poor information, which fundamentally restricts the ability to model the
spatiotemporal air quality distribution in terms of a pollutant concentration. Mobile air
quality index units are used to measure the pollutants’ concentration at locations of
particular interest (e.g. to verify a suspected heavily polluted area). They have the
potential to provide additional data to what the monitoring network measures.
The Moderate Resolution Imaging Spectroradiometer (MODIS) images have been
used as the major satellite data for PM2.5 air quality studies in this research. MODIS
images cover a large spatial extent on a continental scale. As a consequence, their pixels
are not equally sized due to the different view angles. The nadir pixels represent a smaller
area on the ground in comparison to the pixels that are close to the image edges. Pixels of
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coarse resolution should be used cautiously or discarded when predicting ground-level
PM2.5 concentrations. For most areas in southern Ontario, the MODIS satellites onboard
Terra and Aqua are normally able to acquire two images (one in late morning and the
other in early afternoon) each day. Exceptions occur for areas lying in the overlap areas
between the MODIS orbit tracks. These areas can be observed more than once a day by
each MODIS satellite from different perspectives. Like other optical sensors, MODIS
satellites provide images that are often contaminated by clouds. Some criteria has to be
met (Kaufman et al., 1997) in order for the aerosol optical depth (AOD) retrieval
algorithm to be applied. Due to the constraints of the retrieval algorithm, MODIS AOD
images often appear to be patchy. For middle-altitude Great Lakes regions, like southern
Ontario, the snow/ice cover makes the algorithm seldom applicable in winter time,
resulting in a very limited number of AOD measurements for the winter months. This
should be borne in mind for researchers who intend to use MODIS AOD imagery for any
year-long monitoring practices.
It should be pointed out that air quality remote sensing is a secondary process of
information retrieval based on the spectral observations acquired. As the algorithm for
retrieving MODIS AOD evolves continuously, methods for the post-processing of the
data may need to change accordingly. The retrieval of parameters from different
satellites’ observations may be based on rather different strategies. The spatial
characteristics of the difference between the Multiangle Imaging SpectroRadiometer
(MISR) and MODIS AOD data have recently been discussed in depth by Xiao et al.
(2008). The interpretation of any results from analyzing these satellite parameters should
be based on a clear understanding of the algorithm applied to produce the data on hand.
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Caution should be exercised when comparing the AOD data covering regions with rather
different surface and climate characteristics. This is because different models may be
assumed as the basis for their AOD value derivation (Ichoku et al., 2004).
In order to understand the relationship between various environmental variables
measured by different instruments, it is essential to co-locate satellite data, ground-based
measurements, and other types of location-based data in both space and time. Like many
remotely-sensed data provided by the National Aeronautics and Space Administration
(NASA), MODIS AOD data is originally in a hierarchical data format (HDF). The data in
this format is tabulated and stored in a number of table layers. The coordinate data and
the AOD data are in separate layers but have a cell-to-cell correspondence. To achieve a
higher processing efficiency, these data should be read and written into text-based files
instead of image files. Raster-based image processing often takes enormous computing
resources. When dealing with a large volume of satellite data from various sources and
with different resolutions, the georeferencing between them can cause errors. A resampling is often performed implicitly during the processing.
Ground-based measurements (e.g. air quality data and meteorological data) are
usually organized by station. The coordinate information is either stored as metadata
associated with the data files for each station, or combined into one separate file for
general references. A well-built geodatabase can greatly facilitate the storing, retrieving,
and processing of such location-based data. Moreover, the acquisition of MODIS images
is in coordinated universal time (UTC) and is conveyed by their file names. Converting
UTC time to local time is necessary for the association of the nearly coincident data from
satellite data and local observation.
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Computer programs have been developed to automatically find the nearest datum
in both space and time between data sets. For example, it is possible to match every pixel
in a MODIS image with a corresponding reading in the files of PM2.5 concentration and
meteorological variables based on physical location and the time the reading was
performed. Filtering should then be performed to eliminate the associated data that have
an unacceptably long distance in either space or time by setting certain thresholds. To
evaluate the distance between a point and an image pixel, the distance is usually
measured between the point and the pixel centre. Another option to find the
corresponding image value for a given point is to linearly interpolate the nearest four
pixel values of the point based on its distances to the four pixel centres. This method has
been adopted in determining the GEOS-4 meteorological field values for a given air
quality monitoring station in Chapter 4. The derivation of the probability density
functions in the Bayesian Maximum Entropy (BME) analysis is based on a
spatiotemporal random field model. The mathematical calculations take random vectors,
and are therefore suitable to be performed in the MATLAB programming environment.
An integrated GIS and MATLAB system based on their open data formats and standards
may better support the information processing and inference involving both space and
time (Raterman et al., 2001).

6.2 Distributional pattern of aerosol loading at a regional scale
It is of great importance to study aerosol distribution at a regional scale, as the
presence of aerosols can significantly impact climate (Charlson et al., 1992). Aerosols
affect the earth's radiation budget by absorbing and scattering solar radiation so that the
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earth's surface receives less irradiation. In an indirect way, aerosols also act as cooling
agents by increasing the albedo and the lifetime of shallow boundary layer clouds
(Mikuska and Vecera, 2005). Recent studies have shown that very high aerosol loadings
can lead to losses of solar radiation by up to 40% (Wendisch et al., 2008).
The mechanism of aerosol generation is very complex. Aerosols can be released
directly from natural and anthropogenic processes, or form through a gas-to-particle
conversion in the air. Compared with gaseous pollutants, aerosols have a much shorter
lifetime and can vary significantly across space and time in terms of loading and
composition. Such variations at a regional scale usually cannot be captured by a limited
number of ground-based sunphotometers. Although the spatial and temporal coverage is
not guaranteed, satellite data concerning air composition (e.g. MODIS AOD) greatly
enriches the information to be analyzed for aerosol distribution pattern detection. Such
patterns, both spatial and temporal, have important implications for locating aerosol
sources, detecting changes, and understanding the influence of meteorological conditions
on aerosol air quality. Aerosol distribution and redistribution over seasons can be linked
to meteorological conditions at a synoptic scale. MODIS AOD data seems not to be
detailed or frequent enough for the detection of short term or small scale variations.
The information about average aerosol size can also be obtained by analyzing the
Ångström exponent derived from AOD at different wavelengths. This information is
highly valuable for both health effect studies and aerosol composition analysis. Aerosols
of different sizes are often linked to different adverse effects on human, animal, and
vegetation health. Moreover, knowledge about aerosol distribution can help understand
the contribution of aerosols to the chemical loadings in various hydrological cycles. For
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instance, aerosols can contribute to the acidification and eutrophication of soil and aquatic
systems through wet and dry deposition (Erisman et al., 2001). The exact role that these
aerosol particles play depends primarily on their size and chemical composition
(Morawska and Zhang, 2002).
Land use/cover structure is related with the local aerosol loading and its
information retrieval in several ways. First, different types of land uses (e.g. industrial vs.
agricultural) normally possess different emitting sources and release aerosols of rather
different volumes. Second, land cover characteristics can have an influence on local
meteorology, which largely determines the eventual aerosol dispersion pattern. Third, the
spectral characteristics of the radiation by various land use/cover structures may impact
on the aerosol data retrieved over them. A limitation with the land use/cover related
analysis in Chapter 2 is that the land use/cover data was not completely available for the
entire study area. It should also be noted that the research presented in Chapter 2 only
focuses on one year’s worth of data. Inter-annual variations have not been investigated to
reveal a possible trend over years. This limits the work from being linked to regional and
continental changes that usually take place through longer time periods.

6.3 Satellite remote sensing of ground-level PM2.5 concentration
Current NASA satellite missions provide measurements relevant to air quality as
observations of current conditions and as inputs for both NASA’s and its partners’
models. Satellite measurements provide a context for localized observations and help to
extend these observations to regional and continental scales. Although a number of
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environmental satellites concerning air composition have been launched in the last
decade, there is as yet no one devoted to providing data that directly characterizes the
ground-level concentration of PM2.5. Aerosol optical depth (AOD), a parameter
representing columnar aerosol optical extinction, has consequently been used as an
indirect measurement method (Engel-Cox et al., 2004; Hutchison et al., 2005).
Strong correlations between AOD and ground-level PM2.5 concentration are
generally found if particles are mainly within the boundary layer and are well mixed in
this layer. Aloft particles, such as smoke or dust from long-range transport in the
stratosphere, result in no correlation with ground-level PM2.5 concentrations (GL[PM2.5]). A linear model (Model-I in Chapter 4) can be fitted through a regression of GL[PM2.5] on AOD when assuming that most particulate matter particles under investigation
reside in the boundary layer. However, the predictive power of this model is rather
limited due to the considerable discrepancy between the two variables in terms of what
they represent.
In theory, the vertical profile of aerosol concentration and composition is
necessary to link AOD and GL-[PM2.5] numerically. Yet, such information is rarely
available in practice because its acquisition often requires costly field campaigns or
airborne light detection and ranging (LIDAR) observations (Hutchison et al., 2008).
Meteorological parameters can alternatively be incorporated as impact factors to better
approximate the relationship between AOD and GL-[PM2.5]. The information about
boundary layer height and atmospheric humidity have been commonly agreed to be
effective in correcting AOD (a columnar parameter) for a better representation of aerosol
density. Nevertheless, the assimilated boundary layer height from the Goddard Earth
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Observing System (GEOS) of the NASA Global Modelling Assimilation Office has been
found not to be effective in the prediction of GL-[PM2.5]. This is very likely due to the
coarse data resolution (1.25°×1°), at which local variations in boundary layer height can
hardly be represented. More detailed boundary layer height data are needed in order to
correct AOD towards aerosol density. The assimilated GEOS specific humidity has been
found to be an effective variable to correct the extra optical extinction caused by
hygroscopic particles.
The response of GL-[PM2.5] to surface temperature and surface relative humidity
is regarded mainly as the result of competing changes in different types of particulates.
For example, certain types of particulates (e.g. sulfate particular matter) tend to have an
elevated concentration when the surface temperature increases (Dawson et al., 2007). The
quantitative relationship between GL-[PM2.5] and these ground-level meteorological
parameters reflects a net effect of the competing changes. Such information can be used
in turn to help determine the aerosol composition in the study area.
Models for GL-[PM2.5] prediction differ in their required input data. Processbased PM2.5 prediction models are merited for their strong physical and/or chemical
meaning, but often restricted by their severe data demand. Empirical models are usually
based on statistical analysis. The variables involved in a statistical modelling process are
initially chosen through an exploratory analysis of the possible predictors and their
relationship with the variable to be predicted. The potentially effective predictors are
carried forward into the modelling process. A model’s form constitution also draws
insights from the exploratory analysis and is, in a lot of cases, subjected to the modeller’s
knowledge and judgement. Once the model is developed, its parameters should be

164

carefully interpreted for possible physical meanings. Process-based models and statistical
models are not totally separate (Oreskes et al., 1994). They should support each other
along with the epistemic process to a problem.

6.4 Integration of remote sensing and physical measurement for air
quality distribution modelling
A common problem in environmental modelling is that data may come from
various sources and possess different levels of accuracies. Satellite data and their
derivatives are often characterized as being able to cover a relatively large spatial extent,
yet, are not as accurate as ground-based physical measurements. It is inappropriate to
treat these data equally when used in combination for certain research purposes.
Uncertainty should be adequately considered and accounted for in the data integration and
information synthesis.
While monitoring stations provide exact measurements, they are usually spatially
sparse but temporally frequent. They can be treated as data with a probability of one in a
stochastic context. Solely based on the monitoring data, conventional geostatistical
approaches (e.g. Kriging) cannot provide accurate or detailed results about the spatialtemporal distribution of air quality. The spatial Kriging analysis has produced unrealistic
maps of PM2.5 concentration in Chapter 5 and failed to capture the significant spatial
variability over relatively shorter distances in southern Ontario.
Bayesian Maximum Entropy (BME) analysis is suitable for the integration of in
situ measurements and model predictions towards a better spatiotemporal air quality
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model. This is because BME offers a general and versatile scientific framework, where
various physical knowledge bases can be systematically and rigorously integrated
(Christakos and Serre, 2000). The problem-solving power of BME comes from not only
the mathematical formalisms and inference schemes it uses but also with the structure of
the reasoning and the knowledge it processes (Christakos and Li, 1998). BME is also
featured by its other merits: (1) it has the capability of incorporating soft data together
with hard data; (2) it leads to nonlinear estimators; and (3) it does not make specific
assumptions regarding the shape of the probability distribution involved. All these
advantages make BME applicable to deal with more general environmental modelling
problems where effective information integration is often needed.
One feature of considerable practical interest with BME is its ability to utilize
general knowledge in terms of stochastic moments. The space-time covariance of the
ground-level PM2.5 concentrations in southern Ontario has been modelled by fitting a
non-separable space-time function to the data available. A more accurate modelling of
ground-level PM2.5 concentration has been achieved by blending the general knowledge
with the specificatory data. Other types of general knowledges e.g. physical laws and
empirical relationships can also be incorporated into the research framework, if available.
Broadly speaking, the soft data taken by BME can be obtained in many different ways
including, but not limited to: empirical estimation, model prediction, and alternative or
proxy measurements. BME can serve as an information processing terminal where all the
data and knowledge are used to make spatiotemporal inferences or estimation, with
respect to the principle of minimum information loss or abuse. The integration of groundbased measurements and remotely-sensed data has shown great potential to allow for an
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accurate modelling of ground-level PM2.5 concentration distribution at higher spatial and
temporal resolutions. From a technical perspective, the integration of BME analysis and
current GIS should be enhanced so that environmental analysts can benefit from their
mutual interaction (Christakos et al., 2001).

6.5 Future directions
While this research developed new ideas and methodologies for modelling the
spatial-temporal distribution of ground-level PM2.5 concentration, it also created
additional research questions for future study. Further efforts should be placed in the
following four directions.
1. This research has examined the spatial-temporal distribution of aerosols in one
single year. Beyond that, the inter-annual variability of AOD across space and time
during the last decade should be addressed so that the results can be linked to regional
climate and hydrological changes.
2. MODIS is not the only ongoing satellite providing air quality related
information. The capability of other satellite data in predicting ground-level PM2.5
concentrations should be investigated as well and be compared with that of MODIS data.
3. The models developed in Chapter 4 should be tested on other sources of AOD
data and in other study areas to further validate their general applicability and robustness.
The semi-empirical model may be further improved by considering the aerosol
composition information from atmospheric chemistry studies.
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4. Future research should also be carried out to integrate the data sensed from
multiple remote sensors together with ground-based physical measurement. A more
general research framework is of great desire for guiding the numerous practices of
modelling the spatial-temporal distribution of environmental variables.
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Chapter 7: Summary and Conclusions
The research reported in this dissertation has determined that satellite remote
sensing can contribute effectively to air quality research at a regional scale. MODIS
aerosol optical depth (AOD) data can be used to estimate columnar aerosol loadings and
to predict ground-level PM 2.5 concentration. The integration of remote sensing-based
prediction and ground-based measurement significantly enhances the ability to model the
spatiotemporal distribution of ground-level PM2.5 concentration. The results obtained here
show promise for application of these methods in modelling other environmental
variables that are both physically measured and remotely sensed.
The spatial-temporal distribution patterns of columnar aerosol loading in southern
Ontario were reported in Chapter 2 for the first time. Specific areas (e.g. the Greater
Toronto Area and the Greater Windsor Area) were clearly identified for their
distinguishingly heavier aerosol loading throughout 2004. Among the cities with a
population greater than 100,000, Toronto, Mississauga, Hamilton, and Windsor were
found to experience a comparatively higher yearly AOD than the study area average.
Overall, regions experiencing a moderate-to-high level of aerosol loading resemble either
urban/industrial areas or are areas proximal to the U.S. This distribution indicates that
local or nearby aerosol sources play a significant role in determining the relative aerosol
loading, although aerosols can also travel long distances. The seasonality of AOD and its
variability shown in Chapter 2 has been linked to various meteorological characteristics at
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a synoptic scale. However, this linkage is far from being fully understood and should be
further addressed in the future.
The aerosol size distribution in southern Ontario was analyzed to provide indirect
but unprecedented information about aerosol composition. This information, coupled with
that of aerosol loading, greatly contributes to the study of regional climate forcing by
aerosol. The research presented in Chapter 2 was among the first to relate aerosol loading
with local land use structure in a quantitative manner. A positive relationship was found
between the fraction of built-up areas and MODIS yearly AOD. The potential is that land
use data can be used in turn to estimate aerosol loading by controlling other impact
factors.
In Chapter 3, the MODIS AOD values at various wavelengths were found to differ
in their correlation strength to ground-level PM2.5 concentration. The MODIS AOD at a
shorter wavelength of 0.47 µm was recognized as being best correlated with ground-level
PM2.5 concentration in comparison to that at the wavelengths of 0.55 µm and 0.66 µm.
The AOD data from Aqua achieved a slightly stronger correlation with ground-level
PM2.5 concentration than the AOD data from Terra, implying a diurnal variation of the
AOD-PM2.5 relationship. While Terra AOD was found to be insensitive to the temporal
resolution changes of the PM 2.5 concentration data, Aqua AOD had a stronger correlation
with the 1-3 hour averages of the PM2.5 concentration data than the daily average. The
spatial-temporal sensitivity of the AOD-PM2.5 correlation is attributed to the considerable
discrepancy between these two variables in terms of resolution and representation.
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Chapter 4 developed a semi-empirical model that incorporates remotely-sensed
MODIS AOD, assimilated GEOS-4 columnar relative humidity, and ground-based
measurements of surface temperature and surface relative humidity. The model proved to
be effective, and was able to explain 60% of the variability in hourly ground-level PM 2.5
concentrations; it predicted the realizations with a RMSE of 6.1 µg/m3. This semiempirical model was found to produce smaller relative errors when predicting larger
ground-level PM2.5 concentrations. A simple linear regression model was also developed
for comparison purposes. The model was able to explain 37% of the variability in hourly
ground-level PM2.5 concentrations and agreed with the linear model presented in a
previous study. Although cost-effective, these remote sensing-based models cannot be
used to replace the monitoring stations or accomplish the monitoring task consistently
throughout the year. The reason is simply that the availability of the data required by the
model cannot be guaranteed due to, for example, cloud contamination. These models
cannot be used in the cases requiring high accuracy or certainty.
Chapter 5 introduced a novel method to integrate ground-based measurements and
remote sensing-based predictions of ground-level PM2.5 concentration in the framework
of Bayesian Maximum Entropy (BME) analysis. The two models developed in Chapter 4
were used to predict the ground-level PM2.5 concentrations in addition to the monitoring
station measurements. The uncertainty associated with the predictions was statistically
characterized and carried as soft data further into the integration process. The
incorporation of the soft data was found to substantially enrich the information to be used
for the spatial reasoning or inference. The temporal frequency of the monitoring data was
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used to model the changing trend through time. Shown by a two-day case study of
southern Ontario, the method produces more accurate, detailed, and informative
representations of hourly ground-level PM2.5 concentration distribution.
This research has important implications for modelling various environmental
variables that are both remotely sensed and physically measured. A general research
framework has been demonstrated for analyzing and integrating the environmental
information acquired by different means. The research makes significant contributions by
providing researchers and decision-makers with new or enhanced methodologies and
unprecedented information regarding regional air quality.
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Appendix A: Conceptual code for MODIS AOD data extraction
/*initialization and preparation
READ the MODIS aerosol data folder;
READ the air quality station coordinate file;
COUNT the number of files in the MODIS aerosol data folder;
DEFINE empty matrices for intermediate use; /*including OutputMatrix
INITIALIZE i=1 and j=1;

/*extract MODIS AOD values according to the air quality station locations
FOR i < the number of MODIS aerosol files
Read the AOD field from MODIS HDF file i;
Extract the AOD data at each wavelength; /*there are three of them
/* the extracted AOD data at a certain wavelength is an array

Reshape the AOD data at each wavelength into 135×204 (or 203) matrix;
/* 135×204 (or 203) is the supposed dimension

Extract the longitude field from the MODIS HDF file i;
Extract the latitude field from the MODIS HDF file i;

FOR j < the number of air quality stations
Search for the nearest AOD pixel for station j;
IF (the distance to the nearest pixel < Threshold) AND (the nearest pixel _
_value is valid)
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Extract the pixel’s AOD value at each wavelength;
Insert them in sequence as a row to the OutputMatrix bottom;
ELSE
Insert a row of NoData to the OutputMatrix bottom;
END IF
j = j + 1;

END FOR
i = i + 1;

END FOR
WRITE the OutputMatrix to a file;
/* the generated file include all the extracted AOD values corresponding to the
air quality monitoring stations.
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Appendix B: Conceptual code for PM2.5 data extraction
/*initialization and preparation
READ the MODIS aerosol data folder;
READ the air quality data folder;
COUNT the number of files in the MODIS aerosol data folder;
COUNT the number of files in the air quality data folder;
INITIALIZE i=1, j=1, r=1, c=1;
DEFINE empty matrices for intermediate use; /*including OutputMatrix

/*extract MODIS AOD values according to the air quality station locations
FOR i < the number of MODIS aerosol files
Get the acquisition date and time of MODIS aerosol file i;
/*data and time information is in the file name

local time=Convert (the acquisition time); /*originally in UTC time system
FOR j < the number of air quality data files

READ air quality file j;
CHECK how many rows and how many columns in air quality file j;

FOR r < the number of rows in each air quality data file

FOR c < the number of columns in each air quality data file
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IF (cell(r, c)’s date=acquisition date) AND (cell(r,c)’s time=local
acquisition time)

Extract the value of cell (r,c);

/* Calculate muli-hour averages of PM2.5
Calculate a series of averages for a number (3 to 19) of cells
centred by he above cell in the row;

The extracted values are put in a row in sequence;

Add the row to the OutputMatrix bottom;

END IF

c = c + 1;

END FOR

r = r + 1;

END FOR

/*Consider the case that no PM2.5 was found due to data missing
IF (no cell was found to have both the same date and the same time)

Add a row of NoData to the OutputMatrix bottom;

END IF
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j =j + 1;

END FOR

i= i + 1;

END FOR

Write the OutputMatrix to a file;
/* the generated file include all the extracted PM2.5 values corresponding to the
MODIS acquisition date and time.
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Appendix C: Conceptual code for ground-level meteorological
data extraction
/*initialization and preparation
READ the MODIS aerosol data folder;
READ the weather data folder;
READ air quality station coordinate file;
COUNT the number of files in the MODIS aerosol data folder;
COUNT the number of files in the weather data folder;
INITIALIZE i=1, j=1, r=1, c=1;
DEFINE empty matrices for intermediate use; /*including AllStationMarix and _
_OutputMatrix

/*extract weather data from all the weather stations according to MODIS acquisition
date and time

FOR i < the number of MODIS aerosol files
Get the acquisition date and time of MODIS file i;
/*data and time information is in the file name

local time=Convert (the acquisition time); /*originally in UTC time system
FOR j < the number of weather data files
/*each file contains the weather data for one single station
READ weather data file j;

CHECK how many rows and how many columns in weather data file j;
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DEFINE TempArray as (NoData, NoData, NoData);
FOR r < the number of rows
FOR c < the number of columns

IF (cell(r,c)’s date=acquisition date) AND (cell(r,c)’s time=local _
_Acquisition time)

SELECT value(r, 2)

/* column 2 indicates parameter

CASE wind speed
Replace TempArray (1) with value(r,c);
CASE temperature
Replace TempArray (2) with value(r,c);
CASE relative humidity
Replace TempArray (3) with value(r,c);
END SELECT
c = c + 1;
END FOR
r = r + 1;
END FOR
IF TempArray = Empty
Insert a row of [NoData×3] to the AllStationMatrix bottom;
ELSE
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Insert TempArray to the AllStationMatrix bottom;
END IF
j = j +1;
END FOR
i = i +1;
END FOR

/*extract the weather data representing the air quality stations

k=1

FOR k< the number of the air quality stations

Search the closest weather station for air quality station k;

Extract the weather data with the found station from AllStationMatrix;

Insert the extracted weather data to the OutputMatrix bottom;

k = k +1;

END FOR

Write the OutputMatrix to a file;
/* the generated file include all the extracted weather data corresponding to the
MODIS acquisition date and time, and the air quality monitoring stations.
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Appendix D: Conceptual code for GEOS-4 meteorological data
extraction
/*initialization and preparation
READ the MODIS aerosol data folder;
READ the GEOS-4 data folder;
READ air quality station coordinate file;
COUNT the number of files in the MODIS aerosol data folder;
COUNT the number of files in the GEOS-4 data folder;
INITIALIZE i=1, j=1, k=1, m=1, n=1, h=1;
DEFINE empty matrices for intermediate use; /*including ClosestIndex, _
_DistanceMatrix, BLHmatrix, RHmatrix, OutputMatrix…

/*Find the four closest GEOS-4 pixels for each air quality stations

FOR i < the number of the air quality stations
Search the closest pixel for air quality station i;
Check the relative position of the found pixel to air quality station i;
Determine the four closest pixels;
Write their positions in sequence as a row; /*clockwise from upper left corner
Insert the row to ClosestIndex bottom;
Calculate the distance from each of the four pixels to air quality station i;
Write the distances in sequence as a row; /*clockwise from upper left corner
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Insert the row to DistanceMatrix bottom;
i = i + 1;
END FOR
/*extract boundary layer height (BLH)

FOR j < the number of MODIS aerosol files
Get the acquisition date and time of MODIS aerosol file j;
/*data and time information is in the file name

Search the GEOS-4 data files for the coincident one with MODIS aerosol file j;
Read BLH field from the found GEOS-4 data file;
FOR k < the number of air quality stations
READ the BLH values of the four nearest pixels for air quality station k;
/*according to CloseIndex;

Interpolate the four BLH values for air quality station k;
/*according to DistanceMatrix and using the inverse distance weighting _
_method

Insert the calculated BLH to BLHmatrix bottom;

k = k + 1;

END FOR
j = j + 1;
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END FOR

/*calculate relative humidity (RH)

FOR m < the number of MODIS aerosol files
Get the acquisition date and time of MODIS aerosol file m;
/*data and time information is in the file name

Search the GEOS-4 data files for the coincident one with MODIS aerosol file l;
Read specific humidity (SH) field from the found GEOS-4 data file;
Read specific temperature (T) field from the found GEOS-4 data file;
Read air pressure (P) data;

FOR n < the number of air quality stations
totalRH = 0;
FOR h < the number of the atmospheric layers considered

READ the SH values of the four nearest pixels at layer h for air quality
station n; /*according to CloseIndex

READ the T values of the four nearest pixels at layer h for air quality
station n;

/*according to CloseIndex

Calculate RH at layer h based on SH and T for air quality station k;
/*according to DistanceMatrix and using the inverse distance weighting _
_method
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totalRH = totalRH + RH;

h = h +1;

END FOR

averageRH = totalRH / the numer of the atmospheric layers considered;

Insert averageRH to RHmatrix bottom;

n = n + 1;

END FOR
m = m + 1;

END FOR
OutputMatrix = combine RHmatrix and BLHmatrix side by side;
/* they have the same height
WRITE OutputMatrix to file;
/* OutputMatrix includes the GEOS-4 data of BLH and RH.
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Appendix E: Station-specific correlations between MODIS aerosol optical depth (AOD) and
hourly ground-level PM2.5 concentration (GL-[PM2.5], µg/m3) in southern Ontario
Terra
No.

12008
12016
13021
14064
15020
15025
16015
18007
21005
26060
27067
28028
29000
29114
29118
31103
33003
34020
35125

City/Town

Windsor downtown
Windsor west
Merlin
Sarnia
Grand bend
London
Port Stanley
Tiverton
Simcoe
Kitchener
St. Catharines
Guelph
Hamilton downtown
Hamilton mountain
Hamilton west
Toronto downtown
Toronto east
Toronto north
Toronto west

Longitude

83.044W
83.073W
82.218W
82.404W
81.739W
81.209W
81.219W
81.552W
80.264W
80.504W
79.234W
80.266W
79.861W
79.862W
79.902W
79.387W
79.275W
79.416W
79.542W

Aqua

Latitude

42.316N
42.293N
42.249N
42.984N
43.334N
43.009N
42.66N
44.314N
42.852N
43.443N
43.161N
43.552N
43.258N
43.23N
43.259N
43.664N
43.749N
43.78N
43.711N

AOD

PM2.5

r

p

n

AOD

PM2.5

r

p

n

0.418
0.418
0.264
0.286
0.240
0.258
0.306
0.272
0.282
0.255
0.342
0.201
0.343
0.371
0.293
0.453
0.427
0.401
0.422

8.2
9.7
8.0
11.3
6.8
10.1
7.3
5.8
6.4
7.3
6.6
6.8
9.0
9.0
7.7
7.0
6.9
7.2
8.7

0.36
0.50
0.64
0.48
0.83
0.62
0.76
0.76
0.69
0.59
0.75
0.59
0.68
0.53
0.55
0.57
0.72
0.66
0.68

0.002
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

68
74
70
62
41
58
42
56
51
57
66
57
62
68
64
44
52
55
52

0.451
0.446
0.277
0.277
0.214
0.226
0.304
0.223
0.221
0.208
0.369
0.165
0.298
0.302
0.265
0.457
0.435
0.433
0.431

7.4
9.0
8.0
10.8
6.6
10.0
7.3
5.7
6.4
7.3
6.5
6.7
8.8
8.6
7.6
6.5
6.5
6.8
8.4

0.59
0.62
0.58
0.52
0.40
0.55
0.65
0.68
0.74
0.45
0.73
0.48
0.56
0.62
0.55
0.72
0.87
0.82
0.74

0.000
0.000
0.000
0.000
0.006
0.000
0.000
0.000
0.000
0.006
0.000
0.001
0.000
0.000
0.000
0.000
0.000
0.000
0.000

48
47
75
55
45
48
38
54
38
36
71
44
48
51
47
46
50
57
44
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44008
44017
45025
46089
46109
46110
46645
48006
49005
49010
51001
52020
54012
56051
59006
63203
71078
75010
77219

Burlington
Oakville
Oshawa
Brampton
Mississauga North
Mississauga South
Barrie
Newmarket
Parry sound
Dorset
Ottawa
Kingston
Belleville
Cornwall
Peterborough
Thunder bay
Sault Ste Marie
North Bay
Sudbury

79.802W
79.702W
78.851W
79.778W
79.616W
79.608W
79.704W
79.482W
80.038W
78.919W
75.675W
76.502W
77.395W
74.736W
78.348W
89.29W
84.309W
79.45W
80.963W

43.319N
43.486N
43.892N
43.7N
43.616N
43.574N
44.382N
44.044N
45.339N
45.226N
45.433N
44.266N
44.152N
45.018N
44.301N
48.379N
46.533N
46.316N
46.476N

0.266
0.295
0.301
0.288
0.414
0.390
0.171
0.203
0.188
0.171
0.242
0.291
0.204
0.230
0.229
0.270
0.219
0.211
0.190

7.0
7.7
7.3
6.8
7.9
5.9
6.3
5.9
4.9
4.4
5.7
6.6
5.9
5.7
5.7
4.0
4.6
4.1
4.9

0.42
0.63
0.76
0.60
0.86
0.65
0.56
0.74
0.82
0.39
0.55
0.67
0.76
0.76
0.63
0.14
0.58
0.50
0.62

0.012
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.008
0.000
0.000
0.000
0.000
0.000
0.291
0.000
0.000
0.000

35
43
72
62
45
41
53
71
72
46
68
60
72
79
79
57
61
55
65

0.306
0.281
0.308
0.282
0.411
0.390
0.190
0.193
0.216
0.166
0.276
0.292
0.272
0.238
0.229
0.262
0.227
0.224
0.211

6.6
7.4
7.1
6.8
7.5
5.8
6.0
5.6
4.6
4.1
5.5
6.8
5.7
5.7
5.5
3.4
4.3
3.8
4.4

0.46
0.67
0.70
0.60
0.81

0.005
0.000
0.000
0.000
0.000

35
42
71
49
44

N/A

N/A

N/A

0.70
0.74
0.70
0.52
0.62
0.74
0.75
0.61
0.72
0.07
0.68
0.67
0.57

0.000
0.000
0.000
0.001
0.000
0.000
0.000
0.000
0.000
0.648
0.000
0.000
0.000

39
47
56
38
43
48
74
63
52
40
63
38
57

Note: r represents correlation coefficient; n is the corresponding number of valid pairs; p denotes the corresponding probability value
(a p-value of 0.000 means it is smaller than 0.001).
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