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: Abstract

In developing countries, most major cities are increasingly exposed to air pollution
as a factor affecting the quality of life and public health of the community. High
population density in Tehran causes this metropolitan area to be one of the most
important region in Iran. Polluting industry and the use of polluting transportation
are two of the main sources of air pollutant in Tehran and have turned this city to
the most polluted metropolitan area in Iran. Consequently, the need for the air
pollution reduction is too necessary in this area. The air pollutant concentration
predictions can improve decision making for appropriate solutions to reduce air
pollution. This study examined the performance of the random forest feature
selection and wavelet transformation methods when they combine with the
multiple-linear regression and multilayer perceptron artificial neural network to
achieve an efficient model to estimate several pollutants including carbon
monoxide, nitrogen dioxide, sulfur dioxide, and PM2in Tehran metropolitan area.
For these purpose four groups of remotely sensed-derived and spatial data
including spatial data, meteorological data, traffic information, and the air
pollutant concentrations in the days before the prediction day were applied as the
input data of the models. Results showed that the modeling of all pollutants by the
multilayer perceptron neural network along with the wavelet transform method
provides higher accuracy than the other models. Furthermore, the estimation
accuracy of the carbon monoxide pollutant (with error of estimation=19.8% ) was
lower than the other pollutants while PM..5 (with error of estimation=17.0%) was
estimated with higher accuracy compared to that derived for other pollutants.
Moreover, it was shown that the pollutant concentrations for the days before the
day for that the estimation is implemented are the most important attributes,
according to the random forest feature selection method.
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Extended Abstract
Introduction

Increase in population along with urbanization,
resulted in harmful consequences for cities.
Continuity of this type of urban growth can be
an alarm of urban instability causing socio-
economic and environmental problems. Air
quality is an important parameter in urban
areas, especially populated ones. Air pollution
is among important environmental disasters
which are considered as a serious thread of
human’s life. In developing countries, most of
the large cities counters with air pollution
affecting the public health of the community.
Attending to air pollution as a factor which
affects citizens during a day, is necessary for
urban sustainable development. It seems that it
is required to study the past trend of the air
guality and predict the air pollutant
concentrations for the coming days for
assessing the plans conducted to control and
decrease the air pollution. This study aims to
design an optimum model for air pollution
prediction. To achieve this goal, two
preprocessing methods including random forest
feature selection and wavelet transformation
are applied to improve predictions. In this
research, the performance of artificial neural
network as a non-linear model is compared with
multiple-linear regression as a linear method for
predicting carbon monoxide, nitrogen dioxide,
sulfur dioxide and PM.s in 5 air quality
measurement stations in Tehran. Accordingly,
the research question is as follows: which is
preprocessing algorithm more efficient to
improve the performance of the air pollution
prediction?

Methodology

In this research, four groups of parameters
affecting the air pollutant concentrations were
applied. These groups include traffic factor, the
pollutant concentrations measured for the last
days, meteorological data and spatial factors.
The meteorological parameters comprise of
temperature, relative humidity, wind speed,
wind direction, cloud cover, and surface
pressure were used as mean daily values. These
data were downloaded from Ecmwf
(http://www.ecmwf.int). The concentrations of
carbon monoxide, nitrogen dioxide, sulfur
dioxide, and PM2.5 measured by 5 air quality
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measurement  stations  (including  Shahid
Beheshti, Cheshmeh, EIm-o0-Sanat, Razi Park,
and Pasdaran) in 2012 were provided by the
Department of Environment. Traffic index
which was proposed for lkm-radius of the
stations in this study, was used as traffic data.
Spatial data including UTM coordinates of the
stations and mean value of NDVI for 1km-
radius of the stations were utilized. In this
research, multilayer perceptron (MLP) artificial
neural network and multiple-linear regression
fed by preprocessed and non-preprocessed data,
were used for modeling air pollutant
concentration. Random forest feature selection
and wavelet transformation were used for
preprocessing of the input data. In order to
model the pollutant concentrations,
Meteorological, traffic, and spatial data along
with mean and maximum values of pollutant
concentrations measured for last days (up to 4
days) were applied as input data, whereas daily
maximum  pollutant concentrations were
utilized as output of the model. In this study,
1780 samples measured by 5 air quality
measurement stations, were used. These
samples were randomly grouped into three parts
including training data (70%), validation data
used for optimizing MLP parameters (15%),
and test data (15%). After training, the
performance of the models is assessed by the
test data. The suitable values for neuron
number, iteration, error threshold, learning rate,
and momentum were determined by applying
trial and error for each air pollutant. Mean and
maximum Pollutant concentration values of the
last days, were decomposed by the wavelet
transformation into 5 levels, before being used
as input. The final models were statistically
assessed by the Paired-samples t-test to
determine which method statistically performs
better than the others. Moreover, independent-
samples t-test was used to determine whether
the amount of the pollutant affects the error of
the prediction. For this purpose, the predictions
of test samples were divided into two groups
including samples whose values are more than
mean value and lower than mean value.
Results and Discussion

According to the results, pollutant
concentrations for last days are the most
important attributes for predicting the pollutant
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concentration for the coming days. This issue
seems to indicate that air pollutants are stable in
the air and consequently, the pollutant
concentrations of the last days can affect the
pollutant concentrations of the next days. For
carbon monoxide, nitrogen dioxide, and sulfur
dioxide, independent-samples t-test showed
that error prediction for the samples whose
pollutant concentration values are more than
mean is higher than the others due to their
higher variance and consequently, complexity
of these data. As the statistical tests
demonstrated the prediction error of carbon
monoxide is more than the other air pollutants
whereas PM,s predictions conducted by
wavelet transformation-MLP, showed the
lowest error of estimation (17.04%) and highest
R2(0.9). Simple and linear relationship between
input parameters and PMzs concentration
values can result in higher prediction accuracy
of this pollutant. Moreover, high variance of
carbon monoxide concentrations along with
more complex sources of this pollutant, are the
main reasons for its lower prediction accuracy
compared to the others.

.......................................................................

Conclusion
This research can be briefly concluded as
follows:

e Wavelet transformation/MLP models
provide better accuracy for the
prediction of the air pollutant
concentrations.

e Carbon monoxide is predicted with the
lowest accuracy and PM2.5 prediction
shows the lowest error among the air
pollutants.

e There is no significant difference
between linear and non-linear models
for predicting PM2.5, sulfur dioxide,
and nitrogen dioxide.

e The prediction error increases when
carbon monoxide, sulfur dioxide, and
nitrogen dioxide concentration increase
in the air. Also, it is expected to achieve
higher prediction accuracy when the
pollutant concentrations are low in the
air.

.....................................................................
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