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ABSTRACT

The Ozone Monitoring Instrument (OMI) measures the reflected solar radiation in the
ultraviolet and visible part in the spectral range that is between 270 and 500 nm, using two
channels with a spectral resolution of about 0.5 nm. Ground-level tropospheric ozone is one
of the air pollutants of most concern. In the troposphere, near the Earth's surface, human
activities lead to ozone concentrations several times higher than the natural background level.
To evaluate the ozone distribution over Iraq, the ozone data from OMI were analyzed using
geostatistical techniques. Theoretical spherical models provided the best fit for all monthly
experimental variograms. The parameters of these variograms (sill, range and nugget) were
evaluated. Finally, predictive ozone maps were derived for all points of the study area, by use
of geostatistical algorithms (kriging). High prediction accuracy was obtained in all cases as
cross-validation showed.
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INTRODUCTION

Data from the Ozone Monitoring Instrument (OMI) onboard the Aura satellite (from 2005
to 2012) all processed using geoststistical analyst. The Ozone Monitoring Instrument (OMI)
flies on the National Aeronautics and Space Administration’s Earth Observing System Aura
satellite launched in July 2004 (Figure (1)). OMI is a ultraviolet/visible (UV/VIS) nadir solar
backscatter spectrometer, which provides nearly global coverage in one day with a spatial
resolution of 13 km 24 km. Trace gases measured include O3, NO2, SO2, etc. OMI’s unique
capabilities for measuring important trace gases with a small footprint and daily global
coverage will be a major contribution to our understanding of stratospheric and tropospheric
chemistry and climate change. OMI’s high spatial resolution is unprecedented and will enable
detection of air pollution on urban scale resolution. OMI measures the reflected solar
radiation in the ultraviolet and visible part in the spectral range that is between 270 and 500
nm, using two channels with a spectral resolution of about 0.5 nm. The light entering the
telescope is spatially pseudo-depolarized using a scrambler and then split in two channels: the
UV channel (full performance range 270-365 nm) and the VIS channel (full performance
range 365-500 nm) [1, 2 and 5].
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Figure (1): OMI measurement principle.

The UV channel consists of two sub channels with the following full performance ranges:
the UV-1, ranging from 270-310 nm, and the UV-2 ranging from 310-365 nm. The spectral
and spatial sampling of the UV-1 are reduced by a factor of two compared to the UV-2. The
full performance range of the VIS-channel ranges from 365-500 nm. Ground-level
tropospheric ozone is one of the air pollutants of most concern. It is mainly produced by
photochemical processes involving nitrogen oxides and volatile organic compounds in the
lower parts of the atmosphere. Ozone levels become particularly high in regions close to high
o0zone precursor emissions and during summer, when stagnant meteorological conditions with
high insolation and high temperatures are common. Ground ozone levels is a topic of
considerable environmental concern, since excessive level of ozone are taken as indicative of
high pollution. Human activities have led to much higher ground-level ozone concentrations.

In the troposphere, near the Earth's surface, human activities lead to ozone concentrations
several times higher than the natural background level. Too much of this ground-level ozone
is “bad” as it is harmful to breathe and also damages the environment. When ozone mixes
with other air pollutants, especially nitrogen oxides and particulate matter, it can form
harmful smog. This smog occasionally takes place in polluted city areas. In addition, ozone is
a greenhouse gas which may have important global climatic consequences. Ozone is a natural
component of the troposphere, produced by photochemical reactions of nitrogen oxides and
volatile organic compounds (VOC), and collectively called ozone precursors, enhanced by
temperature and sunlight. Emissions from car exhausts, power plants and industrial facilities
are the major sources of nitrogen oxides and VOC [1, 12, 13 and 14]. In this study the ozone
data for Iraq were analyzed using Geostatistical techniques in ArcGIS. Thus, first, during the
exploratory analysis of data, it was revealed that they were distributed normally, which is a
desirable property for the subsequent stages of the geostatistical study. Secondly, during the
structural analysis of data, theoretical spherical models provided the best fit for all monthly
experimental variograms. The parameters of these variograms (sill, range and nugget) were
calculated. Finally, predictive ozone maps were derived for all points of the study area (Iraq),
by use of geostatistical algorithms (kriging). High prediction accuracy was obtained in all
cases as cross-validation showed. Many studies about the temporal and spatial variability of
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ground level ozone were conducted [1, 17 and 18]. This study aimed to determine the best
method (lowest cross validation error) for interpolating the spatial distribution of ozone data
over lrag.

METHODOLOGY

The presence of a spatial structure where observations close to each other are more alike
than those that are far apart (spatial autocorrelation) is a prerequisite to the application of
geostatistics. The experimental variogram measures the average degree of dissimilarity
between unsampled values and a nearby data value, and thus can depict autocorrelation at
various distances. The value of the experimental variogram for a separation distance of h
(referred to as the lag) is half the average squared difference between the value at z (xi) and
the value at z (xi + h):

| N(h)
ih)= M;[:t.\';) =2 ) (1)

Where N (h) is the number of data pairs within a given class of distance and direction. If
the values at z (xi) and z (xi + h) are auto correlated the result will be small, relative to an
uncorrelated pair of points. From analysis of the experimental variogram, a suitable model
(e.g. spherical, exponential) is then fitted, usually by weighted least squares, and the
parameters (e.g. range, nugget and sill) are then used in the kriging procedure [7, 11 and 16].
Fitting a variogram model.

The variogram must be expressed as a mathematical function before being used for kriging.
This is typically achieved by fitting a suitable function to the experimental variogram. Each
function is defined in terms of a small number of parameters that are selected to best-fit the
function to the experimental variogram. In this study we use two functions, namely spherical
and circular. Below the spherical function adopted, which is defined by:

"cc, when h =€ (a very small lag)
3h 1 h_,
y(h)=5¢, +c(———(=)’ whenO<h<a
Y =iey+o(—~=>()’) i3
ot whenh >a

Where c0 is the nugget variance, c+c0 is sill, h is the lag and a is the range. All variograms
computed in this study are all fitted with spherical model. The spherical model is the most
commonly used model for experimental data. This function is expressed in terms of three
parameters, namely; a range of spatial correlation, c0 the nugget effect and c1 the sill value.
When a variogram is plotted using discrete experimental data points, it is called an
experimental or sample variogram. A theoretical model can be fitted through the experimental
data points to quantify spatial patterns. The shape and description of a “classic” variogram is
shown in Figure (2).
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Figure (2): The variogram.

There are three key terms in each model, the sill, the range, and nugget variance. The sill
corresponds to the overall variance in the dataset and the range is the maximum distance of
spatial autocorrelation. The nugget variance is the positive intercept of the variogram and can
be caused by measurement errors or spatial sources of variation at distances smaller than the
sampling interval or both [9, 15 and 19].

With the wide and increasing applications of the spatial interpolation methods, there is also
a growing concern about their accuracy and precision. As any other statistical modeling
techniques, the spatial interpolation methods also produce a certain degree of errors
associated with the estimation. The statistics of the differences (absolute and squared)
between the measured and predicted values at sampled points are often used as an indicator of
the performance of an inexact method. Several error measurements have been proposed.
Commonly used error measurements include: mean error (ME), mean absolute error (MAE),
mean squared error (MSE) and root mean squared error (RMSE). | am used for determining
the degree of bias in the estimates, often referred to as the bias but it should be used
cautiously as an indicator of accuracy because negative and positive estimates counteract each
other and resultant ME tends to be lower than actual error. RMSE provides a measure of the
error size, but it is sensitive to outliers as it places a lot of weight on large errors. MSE suffers
the same drawbacks as RMSE. Whereas MAE is less sensitive to extreme values and
indicates the extent to which the estimate can be in error. MAE and RMSE are argued to be
similar measures, and they give estimates of the average error, but they do not provide
information about the relative size of the average difference and the nature of differences
comprising them. Of course, we can also use cross-validation in together with these
measurements to assess the performance of both exact and inexact methods. RMSE and MAE
are argued to be among the best overall measures of model performance as they summarize
the mean difference in the units of observed and predicted values [4, 9, 10 and 17]. The
purpose of Geographic Information System (GIS) is to provide a spatial framework to support
decisions for the intelligent use of earth’s resources and to manage the man-made
environment. Biologists, botanists, planners, petroleum engineers, foresters, and corporate
executives are increasingly relying on GIS to help them make critical decisions. By putting
spatial data in an integrated system where it can be organized, analyzed, and mapped, patterns
and relationships that were previously unrecognized may emerge. The air pollution continues
to be a significant environmental problem in many countries. Geostatistical analysis methods
have been available for several decades, but were not integrated into any GIS modeling
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environments. A newly released software package, Geostatistical Analyst links GIS and
geostatistical analysis methods. With Geostatistical Analyst a continuous surface (a map or a
distribution model) can be created from measured sample points. Data collection usually can
only be conducted at a limited number of point locations due to logistical and financial
limitations; however scientists and managers are increasingly interested in continuous surface
estimates. In order to generate such a surface some type of interpolation method must be used
to estimate data values for those locations where no samples were taken. Geostatistical
methods, such as kriging apply regionalized variables and describe spatial dependencies
between the instances of random variables by using variograms. A variogram is a graphical
display of a variance of measurements over the distance between the measurement sites. If
there are spatial dependencies the variance between the observations on two points normally
increases with increasing distance until at a specific range a maximum value is reached.
Kriging is considered to be the most sophisticated geostatistical method as it can potentially
provide the most accurate results [3, 6, 8 and 16]. In this work an application of the
Geostatistical Analyst for development of O3 distribution models will be discussed.

RESULTS AND DISCUSSION

Many studies have employed distance weighting methods, but kriging is the only one
which incorporates the spatial correlation into its estimation algorithm. Kriging has been used
more widely due to its many advantages. Although kriging requires an abundance of sample
points to be an accurate spatial interpolation method, even when relative small data sets and
not exhaustive samplings are available it is a reliable technique for investigating the
distribution of tropospheric ozone. Maps were constructed using the Geographic Information
System (GIS) software and the Geostatistical analyst extension (ESRI). The Kriging method
for surface interpolation method was used. In this method, a value is estimated by averaging
the values of sample data points in the vicinity around it. The closer a sample point is to the
point being estimated, the more influence, or weight, it has in the process. The produced
ozone maps are shown in figures (3) to (8).
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Fig (3): Ozone Map January 2005
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Fig (4): Ozone Map July 2005.
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Fig (5): Ozone Map January 2006.
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Fig (6): Ozone Map July 2006.
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Fig (7): Ozone Map January 2012.
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Fig (8): Ozone Map July 2012.

Cross validation is used to compare measured values with interpolated values using only
the information available in the sample data set. A cross validation study can help to choose
between different weighting procedures, between different search strategies, or between
different estimation methods. The sample value at a particular location is temporarily
discarded from the sample data set; the value at the same location is then estimated using the
remaining samples. Once the estimate is calculated, the calculated value can be compared
with the true value that was initially removed from the sample data set. This procedure is
repeated for all available sample values. In this study all parameters of methods were
optimized for minimum cross validation error. Table (1) below shows the cross validation

errors for months: January and July, for the years: 2005, 2006, and 2012.

Table (1): Cross Validation Results

January | January

January

July

July

Standardized

it 2005 2006 2012 2005 2006 | July2012
Mean 0057 | -.00285 | -.0126 | -.00575 | -.00827 | -.00984
Root-Mean- | 2913 | 7436 | 1204 | .6503 6226 6723
Square
Average
Standard eror | 5733 8775 | 7.812 | 1.295 1.293 1.389
Mean
. 00053 | -.00029 | -.00087 | -.003283 | -.0040 | -.004229
Standardized
Root-Mean-
Square 1295 0797 | .1415 | 04875 4711 ATT3
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Since a strong spatial dependence between ozone data is observed, the geostatistical
algorithms, particularly the ordinary kriging, provide accurate estimates, as cross validation
confirmed. Predictions errors are fair indicators of the variability in predictions, as cross
validation revealed, and normality is apparent, probability maps were finally generated. They
are very useful tools for hazard assessment and decision support, as presented in figures (9) to
(13).
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Fig (9): Measured vs. Predicted Ozone Data In January 2005.
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Fig (10): Measured vs. Predicted Ozone Data In January 2006.
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Fig (11): Measured vs. Predicted Ozone Data In January 2012.
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Fig (12): QQPlot of Ozone Data in January 2006.
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Fig (13): QQPlot of Ozone Data in January 2012.

CONCLUSION

Global monitoring of ozone is essential as it plays an important role in the chemical
processes occurring in the atmosphere and has a major impact on the climate. Tropospheric
and stratospheric ozone are highly variable in both space and time and thus in order to
correctly quantify its effect on stratospheric chemistry, air quality and radiative forcing it is
necessary to develop accurate global measurements. The main health concern of exposure to
ambient ground-level ozone is its effect on the respiratory system, especially on lung function.
Several factors influence these health impacts, including the concentrations of ground-level
ozone in the atmosphere, the duration of exposure, average volume of air breathed per minute
(ventilation rate), and the length of intervals between short-term exposures. The main goal of
interpolation is to discern the spatial patterns of ozone data by estimating values at unsampled
locations based on measurements at sample points. Geostatistics provides an advanced
methodology to quantify the spatial features of the studied variables and enables spatial
interpolation, kriging. In addition, geographical information systems (GIS) and geostatistics
have opened up new ways to study and analyze spatial distributions of regionalized variables,
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i.e. distributed continuously on space. Moreover, they have become useful tools for the study
of hazard assessment and spatial uncertainty. Without a GIS, analysis and management of
large spatial data bases may not be possible. The ground-level ozone in an urban environment
must be studied by means of high-resolution ozone maps, which are essential tools to properly
diagnose and propose control measures with the aim of minimizing its effects. In this work,
geostatistical techniques are considered to model the ambient air ozone distribution over the
experimental area. Although the real spatial complexity of ozone surfaces can not be captured,
the proposed techniques provide some reliable surfaces at enough spatial resolution to
correctly visualize the spatial patterns of this pollutant. Polluted areas in Iraq have to be
delimited. Future actions against ozone should be particularly aimed at reducing the high
levels in these zones. Consequently, the ozone maps can influence decisions concerning air-
quality policy, which, in turn, affect the attitudes and behaviors of the general public.
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