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Abstract

Introduction:

DIt is well known that air quality and climate are expected
to have an impact up to far extent on the human health
(Bernard, Samet 2001, Brunekreef & Holgate 2002,
Anderson 2009, Grell & Baklanov 2011, Vanos 2015).
Air pollution could be categorised as extreme weather
events belonging to environmental degradation/
disasters. The most notable disaster due to air pollution
was from Meuse Valley, the year 1930 (Nemery 2001).
Further, studies from 1939- Saint Louis, 1948- Donora,
1952- London, 1983- Melbourne, 1973- Los Angles, 1997-
Indonesia, 2005- Malaysia, and 2006- Southeast Asia
(IITM, 2015) have mentioned them as uncontrolled
confounders for analysing such events. Such uncontrolled
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variables are available everywhere, and can be analysed for
forecasting and prediction of future climatic conditions.
Since 1990, air quality modelling has been considered the
most effective tool for the assessment of harmful impacts
and risk of air pollution (Zannetti, 2013). Several studies
have been conducted to determine the interaction of
meteorological parameters and air pollutants and their
impact on human health consequences. In this context,
most air pollution models applied in various applications
include proximity models, interpolation models, Land-
use regression models (Hoek 2008), dispersion
models, integrated meteorological-emission models,
hybrid models, (Jerrett 2004), multiple linear
regression, principal components analysis, empirical
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Magnitudesof theairpollutiondepend onvariousvariables.
Preprocessing and optimisation processes are necessary to
discover the complexity of the relationship of the data for
more accurate and eff icient predictions. These techniques
help to clean the datasets and to f ind the best structure of
the smooth data model. The Gamma test (GT) and Genetic
Algorithm (GA) are practical tools which can be applied for
preprocessing and optimising data models. Regarding
building a smooth data model, the developed artif icial
neural networks are functional optimisation strategies
which are suitable for ANN training. Moreover, local linear
regression (LLR) and dynamic local linear regression
(DLLR) models are effective due to the high density of our
normalised dataset. In this regard, wedeveloped aprocess to
construct a smooth data model to support environmental
decision making in airpollution emergencyconditions. The
main objective of this work was to set an appropriate
algorithm by preprocessing and optimising a set of the data
model for developing smooth data-driven models which
could play a signif icant role in early warning systems in
regard to the human health. The data sets included the
meteorological and air pollutant variables as
inputs/predictors and emergency medical service clients as
outputs. The GT and GA were applied to analyse and
optimise the input variables. Three types of ANNS (ANN1,
ANN2, and ANN3), (LLR), and (DLLR) techniques were
used to establish the models. Finally, a smooth data model
wasconstructed and evaluated.
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orthogonal function analysis, cluster analysis, stochastic,
f ine resolution atmospheres, multi-pollutant exchange,
and artif icial neural networks (ANNs). Sophisticated
statistical methods have been employed by various
environmental epidemiologists for analysing effects of air
pollution on the human health consequences (Bernard

2001; Elliott 2007; Gasparrini, 2011;
Sof ianopoulou 2013; Vanos 2015).

A number of linear and nonlinear methods have been
applied to time series for forecasting the concentration of
air pollutants such as O , PM, NO , CO, and SO while

compared to ANNs (Perez & Gramsch, 2000; Solaiman
2008; Moustris 2009; Inal, 2010; de Gennaro,
2013).
ANNs are useful tools for forecasting air pollution

conditions and providing better results as compared to the
otherrelevant models (Gardner& Dorling, 1998).

The comparison of some predictive modelling
algorithms indicated that the quality of the results
depended on the quality of the data set, the interaction
between predictors Vs target parameters, and the
evaluation criteria. ANNs have some advantages such as
less formal statistical training, the capability to detect
nonlinear relationships between dependent and
independent variables, all possible interactions between
predictor and independent variables, and the availability
of multiple training algorithms. However, ANNs are
affected by limitations such as the “black box” nature,
more computational burden, proneness to over-f itting,
and empirical natureof model development.

Genetic algorithm (GA) can be used to eliminate the
ANN overtraining phenomenon due to optimisation of
the input variables, transfer functions, and ANN structure
(Bibi 2002; Liao 2012; Pires 2012). GA also
is a search tool loosely connected to artif icial intelligence
(Holland 1975; Demuth & Beale 2002; Goyal 2006;
Malhotra 2011; Liao 2012).

The Gamma test (GT) and GA recognize the most
important input to predict the target’s outputs using
intelligent non-linear modeling, and to identify how
much data is suff icient to form a smooth data model, how
liable the model is, and how to build appropriate smooth
data-driven models for forecasting and predicting health
consequences in air pollution episodes (Jones, 1998;
Durrant, 2001).

The M-test is the other test which indicates how the
GT estimate changes as more data are used for its
computing. This test can also determine how much data is
possibly required to have a model of a given quality. By
performing this test, we can f ind whether there was
suff icient data to obtain a reliable gamma estimate(Noori,

2011; Asagha 2014). In the modelling processes,
the selection of the most important and relevant
predictors is essential. The predictors can be selected on
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the basis of linear and partial autocorrelation analyses and
nonlinearsensitivityanalyses (Solaiman 2009).

Studies have shown that air quality relies on
meteorological conditions and the correlation of weather
variables and air pollutants is poorly understood or is seen
uncertain. Due to its extreme complexity and the very
strong nonlinear characteristics of forecasting air
pollution, using accurate and quantitative data models is
necessary and can help us with simulation and modelling
regarding the prediction of the future health impact of
these events. The limiting factors of the predictive
accuracy of the models are the presence of measurement
noiseand insuff icientdata.

This paper presents a new approach to developing an
algorithm for preprocessing and optimising the data
model in order to choose the best combination of
meteorological variables and air pollutants with the most
accurate and eff icient f it and clean data to estimate the
human health risk. Furthermore, we considered the
suff icient amount of data for modelling and we also
calculated the threshold limit value to perform the model.
Finally, f ive types of smooth data models were established
and evaluated.

his study was conducted
in Tehran, the capital of Iran which is populated by ~9
million inhabitants. It is located at an altitude of 1000-
1800. Tehran features a semi-arid climatic conditions
having various environmental critical issues, so that about
5521 out of all 47284 mortality cases in 2010 were due to
short term effects of air pollution (Atash, 2007; Naddaf i

2012).
In this study the daily average and 3-day moving

average of meteorological and air pollutant data, as inputs,
wasused (Table 1).

The number of cardiovascular and respiratory
EMS clients were selected as output/target in the current
dayand 1, 3, 5 and 7 daysafter.
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Study area & data collection: t

Materialsand methods:
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Figure 1: Study area and locations of air pollution monitoring
and synoptic stations
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Table1: Twenty f ive input variables used as initial inputs at
datasetduring 2011- 2013 (1096 days)

* included the 00.00 UTC atmospheric items records in Tehran
upper-air station to evaluate SC

Meteorological parameters

Air Pollutants

Variables Scale

1 Daily Maximum temperature (Tmax.) 0C
2 3-day moving average of TMax. oC
3 Daily Minimum temperature (TMin.) oC
4 3-day moving average of TMin. oC
5 Daily Precipitation (P) Mm
6 3-day moving average P Mm
7 Wind speed (WS) m/s
8 3-day moving average WS m/s
9 Relative humidity (RH) %
10 3-day moving average RH %

11 Carbon monoxide (CO) AQI for CO
12 3-day moving average CO AQ[ for CO
13 Ground- level Ozone (O3) AQI for O3
14 3 days moving average O3 AQI for O3
15 Nitrogen dioxide (NO2) AQI for NO2
16 3-day moving average NO2 AQIfor NO2
17 Sulf ide dioxide (So2) AQI for So2
18 3-day moving average So2 AQI for So2
19 Particulate Matter less 10 micrometers AQI for Pm10

in diameter (PM10)
20 3-day moving average PM10 AQI for PM10
21 Particulate Matter less 2.5 micrometers AQI for PM2.5

in diameter (PM2.5)
22 3-day moving average PM2.5 AQI for PM2.5
23 Air quality index ( AQI) AQI
24 3-day moving average AQI AQI
25 Stability class(SC) ( dt/dz) per 100m* /100m

In this research, the GT, GA and M-
test were performed to preprocess and
optimize the data model. We used these
tests to f ind the model complexity, the
quality of the data, the stopping criteria
for training (by M- test), and the best
model performance prior to model
building. We determined the noise
present in the dataset prior to model
building and also, whether there was
suff icient data to build an appropriate
model and the signif icance of the
variables (by GT). In addition, it was
applied to reduce or eliminate the need
foraseparatevalidationset.

We used GA to identif y the
appropriate combinat ion of the
candidate inputs (meteorological and
pollutant variables) which were most
likely to influence the prediction of EMS
clients with cardiovascular and respiratory problems. In
this research, the selected parameters for controlling the

search options of GA to f ind good embedding were the
population size of 100 chromosomes, the mutation rate of
0.01, the crossover rate of 0.5, the gradient f itness of 0.1,
intercept f itness of 0.8, and length f itness of 0.1. The
software package used toanalyze the datawaswinGamma.
It is a non-linear analysis and modeling tool developed by
the Department of Computer Science, Cardiff University
(Jones, 1998).

Most of the input parameters in the dataset were
incompatible (e.g. temperature, wind speed, etc.). In
order to ensure that all variables at lease started with an
equal chance to contribute to an output prediction,
standard normalization was applied. Then, we built and
examined various smooth data modeling techniques. In
the f irst step, Three principle factors of Gamma testwhich
wereapplied todetermine the f itnessof particularmaskor
feature set were Gamma statistics (the intercept), model
complexity (the gradient), and the number of inputs
required (the length).

In the next step, following three smooth data-driven
modeling techniques, as modular prediction systems,
were constructed and examined. Artif icial Neural
Network (ANN) as an error minimization techniques for
training algorithm method, Local linear regression(LLR)
and Dynamic local linearregression (DLLR).

The three types of ANN include two layers back
propagation (ANN1), The conjugate gradient training
algorithmasanalternative functionoptimization (ANN2)
and (BFGS)Broyden-Fletcher-Goldfarb-Shanno (ANN3).
Regarding model identif ication, using the win Gamma
software, the EMS clients’ prediction model was built by
the ANN1 which contained two layer backpropagation

training algorithms. We evaluated ANN1 with various
numbersof nodes in the f irstand second layer.

http://www.caves.res.in/Ambient Science (2016) Vol.-03(2):p. 24

Figure 2: Current study steps' flow chart
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Constructing and testing ANN3 based on the BFGS
training algorithm was done with various numbers of
nodes in the f irst and second layer of two layers back
propagation.

Table- 2 shows the Gamma test results including Gamma
statistics and other relevant measures for 25 inputs and 10
outputswhichwereall used in the f irstanalysis.

Gamma statistic is calculated by determining a
regression line and is actually the vertical intercept of the
regression line. It is the estimated variance of errors for
any smooth data model. It is used for calculating the
expected absolute error. It means that any smooth data
built on this dataset will have a standard deviation of
prediction error to evaluate the outputs. The gradient is
the slope of regression line and standard error (SE) is the
usual goodness of f it applied to the regression line. SE
indicates the conf idence of the estimated noise variance
on the whole 10 outputs in the value of gamma. The V ratio
is def ined as Gamma/var. (output). The V ratio close to 0
shows a high degree of predictable by a smooth data
model.
Regarding the size of the dataset, near neighbors (number
of Pmax) was selected. The variation of Gamma statistic
and the standard error versus the number of Pmax has
been shown in Fig.3. Itcan be seen that Pmax=10 is likely to
produce the mostaccurateestimate.

To determine whether there was suff icient data to
build a smooth data model, the M- test was applied. This
test showed that the adequate model could be built by
using 550- 650 data points (Fig.4). It represented that 550-
650 points were suff icient in constructing a smooth data
model without overtraining. Therefore, 600 data points
wereconsidered aspartof thedata fortraining inANNs.

Results

To f ind the best combination of input variables
for predicting each target, the GA search and
optimization techniques were applied. The above-
mentioned intercept f itness, gradient f itness, and length
f itnesswere selected for bettercontrol of the GA search. A
good embedding that can be applied to construct a
successful model or simulation can be achieved by
capturing the systematic behavior of inputs. An
embedding is designated bya string of“1”sand “0”s known
as a mask. The selected mask (“1”) from 25 inputs for each
output is shown in Table 3.The arrangement of sort
entries inTable 3 issimilartoTable 1.

The selected inputs with the best Gamma statistic &
otherrelevant measurementsarepresented inTable 4.

As a sample, the scatter plot and 3D-histogram
for the selected combination of inputs and 0 days after
EMS cardiovascular clients have been shown in Figure 5
and 6. The results indicated that model constructionwith
ourdatasetwas feasible.

After analyzing the data with the Gamma test, we
evaluated which embedding of the input was suitable and
how muchdatawassuff icient.
In this regard, three types of ANNs (ANN1, ANN2, ANN3),
LLR and DLLR techniques were used to establish the
models.

It should be noted that since the model
construction and testing process were massive, we
summarized their results and the best implications in the
given tablesand f igures.

The best experiments and their performance of
ANN1, including statistical values of training and
validation phase with the 16 above mentioned selected
inputs for each 10 outputs are presented in Table 5. The
ANN2f inal results are summarized in Table 6 and Table 7
indicates the ANN3 results.

Table- 2: Gamma test results for scaled dataset

Table 3: Embedding of inputs chosen from 25 inputs

Table 4: GA search Results for f inding the best embedding of inputs (16/25 inputs)

Day(s) after 0 1 3 5 7 0 1 3 5 7

Day(s) after 0 1 3 5 7 0 1 3 5 7

Evaluate output EMS Cardiovascular clients EMS Respiratory clients

Gamma statistic 0.033 0.019 0.028 0.030 0.027 0.125 0.136 0.118 0.127
Expected Absolute Error 0.1817 0.138 0.168 0.172 0.166 0.353 0.364 0.369 0.343 0.357
Gradient 0.0492 0.055 0.052 0.050 0.050 0.026 0.0157 0.015 0.022 0.0154
Standard Error (SE) 0.004 0.008 0.005 0.007 0.003 0.008 0.005 0.009 0.004 0.006
R Square 0.87 0.92 0.89 0.88 0.89 0.50 0.47 0.45 0.53 0.49
V Ratio 0.132 0.076 0.113 0.019 0.110 0.49 0.532 0.54 0.47 0.500

Currant day
EMS Cardiovascular clients 1111110111010101010110010

EMS Respiratory clients 1111110111010101010110010

Evaluate output EMS Cardiovascular clients EMS Respiratory clients

Gamma statistic 0.033 0.019 0.028 0.030 0.027 0.125 0.136 0.118 0.127
Gamma 0.0144 0.017 0.017 0.022 0.024 0.100 0.121 0.121 0.116 0.098
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Expected AbsoluteError 0.120 0.132 0.132 0.147 0.15 0.296 0.348 0.348 0.340 0.314
Gradient 0.121 0.119 0.121 0.11 0.11 0.076 0.046 0.046 0.047 0.072
Standard Error 0.0033 0.006 0.005 0.005 0.005 0.007 0.008 0.007 0.007 0.005
R Square 0.94 0.931 0.93 0.91 0.90 0.599 0.516 0.516 0.537 0.605
V Ratio 0.058 0.069 0.069 0.087 0.096 0.400 0.480 0.480 0.46 0.39
Nearest neighbors 10 10 10 10 10 10 10 10 10 10

Evaluate output EMS Cardiovascular clients EMS Respiratory clients

Target MSE 0.098 0.32 0.166 0.0852 0.09 0.068 0.05 0.09 0.23 0.062
MSE reached 0.079 0.22 0.164 0.0850 0.09 0.14 0.18 0.14 0.23 0.151
Learning rate 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25
Momentum 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
Regularization 1E-7 1E-7 1E-7 1E-7 1E-7 1E-7 1E-7 1E-7 1E-7 1E-7
No. of node in f irst layer 8 8 8 8 8 8 8 8 8 8
No. of node in second layer 8 8 8 8 8 8 8 8 8 8
Testing MSE 0.10 0.27 0.18 0.11 0.12 0.17 0.21 0.19 0.26 0.17

Evaluate output EMS Cardiovascular clients EMS Respiratory clients

Target MSE 0.098 0.32 0.16 0.085 0.94 0.068 0.10 0.097 0.23 0.63
Training MSE reached 0.097 0.18 0.16 0.085 0.94 0.099 0.12 0.12 0.2 0.23
No. of node in f irst layer 5 5 5 5 5 5 5 5 5 5
No. of node in second layer 5 5 5 5 5 5 5 5 5 5
Testing MSE 0.13 0.22 0.16 0.1 0.11 0.198 0.17 0.18 0.25 0.23

Evaluate output EMS Cardi1096ovascular clients EMS Respiratory clients

Target MSE 0.098 0.32 0.16 0.085 0.094 0.068 0.05 0.09 0.23 0.06
Training MSE reached 0.097 0.25 0.15 0.084 0.094 0.068 0.05 0.09 0.18 0.06
No. of node in f irst layer 7 7 7 7 7 7 7 7 7 7
No. of node in second layer 7 7 7 7 7 7 7 7 7 7
Testing MSE 0.11 0.28 0.19 0.11 0.11 0.20 0.25 0.18 0.20 0.26

Evaluate output EMS Cardiovascular clients EMS Respiratory clients

No. of nearest neighborhood 10 10 10 10 10 10 10 10 10 10
Tolerance 1E-6 1E-6 1E-6 1E-6 1E-6 1E-6 1E-6 1E-6 1E-6 1E-6
MSE 4.35 4.03 4.11 3.56 3.88 7.26 8.03 1.02 7.23 6.95

E-30 E-30 E-30 E-30 E-30 E-30 E-30 E-29 E-30 E-30

Evaluate output EMS Cardiovascular clients EMS Respiratory clients

No. of nearest neighborhood 10 10 10 10 10 10 10 10 10 10
Tolerance 1E-6 1E-6 1E-6 1E-6 1E-6 1E-6 1E-6 1E-6 1E-6 1E-6
MSE 7.84 9.78 1.12 9.57 8.84 2.12 2.24 2.53 1.71 1.61

E-30 E-30 E-29 E-30 E-30 E-29 E-29 E-29 E-29 E-29

Table 5: Results of ANN1 training and testing phases

Table 6: Results of ANN2

Table 7: Results of ANN3

Table8: Results of the LLR model

Table 9: Results of the DLLR model

Day(s) after 0 1 3 5 7 0 1 3 5 7

Day(s) after 0 1 3 5 7 0 1 3 5 7

Day(s) after 0 1 3 5 7 0 1 3 5 7

Day(s) after 0 1 3 5 7 0 1 3 5 7

Day(s) after 0 1 3 5 7 0 1 3 5 7
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Figure: 3- Variation of gamma
and SE as the number of
near neighbors

Figure: 5- Scatter plot for
cardiovascular clients 0 day
after

Figure: 7- ANN model tester for
EMS cardiovascular clients 0
day after: a-ANN1, c- ANN2,
e- ANN3

Figure: 9- model tester for EMS
cardiovascular clients 0 day
after: a-LLR, c-DLLR

Figure: 4- M- test graph

Figure: 6- 3D-histogram for
cardiovascular 0 day after

Figure: 8- ANN3 error histog-
ram for EMS cardio-
vascular clients 0 day after:
b-ANN1, d- ANN2, f-ANN3

Figure: 10- error histogram for
EMS cardiovascular clients
0 day after:b-LLR, d- DLLR

Discussion:

Several studies have applied ANNs to forecast and predict
the concentration of one or more air pollutants in an area,
as well as its effects on the human health consequences
(Gardner & Dorling, 1998; Grivas & Chaloulakou, 2006;
Liao 2012, Pires 2012). In the present study,
three types of two-layer back propagation ANNs with
different training algorithms, LLR and DLLR, were applied
for data modeling. The structure of the models is shown in

et al., et al.,

Tables 5-9. We built and evaluated 5 models for each
output.

The MLP type ANNS and linear regression were
compared to predicate PM2.5 in Chile. Results showed
that ANNS method had the best results for modeling
(Perez & Gramsch, 2000). However, the number of
cardiovascular and respiratory EMS clients (Lag0, 1, 3,5,
and 7 days) was our target. Back- propagation ANN and
GA were applied to predict the emergency conditions of
Barzilai Medical Center, Israel. GA was used to search
network conf iguration to prevent overtraining. They
investigated T, barometric pressure, RH, SO2,and NOx as
the most important variables in predicting respiratory
EMS visits. They evaluated their model with an error of
about %12 (Bibi 2002). We also used the genetic
algorithm, but we applied it to f ind the best combination
of the inputs and used the Gamma test to f ind the
threshold limit in the training phase of ANNs. The
different MSEs for each technique have been shown in
Tables 5-9. As a conclusion, we considered the most
effective variables in forecasting our target and then
excluded the less effective input variables. Furthermore,
suff icient data (600 out of 1096) and the best Pmax (10)
were used in the ANNs training phase. It should be noted
that the MSE for threshold value (Table6-8), suff icient
data for training ANNs and Pmax were calculated by the
Gamma test and the M-test (Fig.2 and 3). In this way, the
trial and error for model construction were reduced.
Therefore, we improved the accuracy and simplif ied our
modeling.

In the current study, the 3-day moving average for
each input was investigated. However, three standard
multilayer perceptron (MLP) models, i.e. time- lagged
feed- forward, recurrent ANNs, and Bayesian ANNs were
developed for ground-level ozone concentration

et al.,
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forecasting in Hamilton, Canada. The results showed that
all of these models could effectively forecast the ozone
concentration (Solaiman, Coulibaly 2008). The
applicability of autoregressive integrated moving average
(ARIMA), multilinear regression (MLR), and ANNS
separatelyand in combination forairquality forecasting in
emergency situations was compared. According to the
results, a combination of the ARIMA-ANNS model was
more accurate for forecasting pre-emergency air pollution
episodes (Díaz-Robles 2008). In developed an MLP
ANN with 9 meteorological items and 9 air pollutants for
predicting ozone in Istanbul, Turkey and compared its
performance with nonlinear regression but found no
signif icant difference between the two methods (Inal,
2010). Three types of feed-forward ANNS were applied to
predict O3 with 8 inputs (CO, NO2, O3, T, RH, and WS). In
thisstudy, the GAwasused inordertosearch the numberof
neurons and activation functions in hidden layers (Pires

2012). Liao (2012). An integrated ANN with
case-based reasoning and GA investigated to develop an
environmental emergency support system for planning in
on-site environmental emergency response (Liao
2012). GT and ANN methods investigated forsimulation of
global solar radiation in Nigeria. These methods are f itted
for other locations(Asagha 2014). Using the
winGamma software for optimization of ANN inputs,
showed that this method could improve the accuracy (Vo

2013). In most of the above-mentioned studies, the
ANN and or LRR were applied to forecast the air pollution
and its health consequences in emergency conditions
(except for one of them in where the flow rate was its
target). Based on experiences and recommendations
provided in these studies and other resources, we designed
and implemented our research. Preprocessing and
optimizationwill help tosolve the mainchallengeof ANNs
to f ind an “inputset” due to the “black box” natureof ANNs
(Vo 2013). In the present study, the win Gamma
software package was employed for these purposes to
discover the best combination of input variables as well as
to f ind the threshold value and criteria for building,
running, and testing adata model. In addition, we used the
Gamma statistic forcalculating the target MSE and applied
it for model training and testing to prevent overtraining of
the ANN technique. The health consequences of air
pollutionepisodesaredelayed and do notoccuronlyon the
observed days .So, the 3-day moving average of input
variableswasadded toourdataset. In addition, we assessed
theiroutcomes 0,1,3,5, and 7 daysafterobserving them.

As mentioned earlier, we applied the LLR, DLLR,
and ANN1, ANN2, ANN3 models. The LLR and DLLR are
fast to construct and quite fast to execute predictive tools.
However, LLR and DLLR do not generalize well to parts of
the input space for which training data is sparse, and if
there is a limited number of data points and there is a wide

et al.,

et al.,

et al., et al.,

et al.,

et al.,
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space between them in the vicinity of the query, LLR and
DLLR will not be effective if the underlying function is
truly non-linear(Jones, 1998).

Standard normalization was used for all 25 input
sets and then 9 anomaly input sets were eliminated using
GA. Moreover, we optimized the number of neighbors
(Pmax..=10) and found the threshold value for f iltering
the local eigenvectors. By these preprocessing
approaches, the MSE 3.5E-30, 1.2E-29 for LLR and 7.84E-
30, 2.5E-29 for DLLR were calculated (Table 8 & 9). In this
area, our f inding is notable and has agood accuracydue to
adequacy and also preprocessing of our dataset. It has
been found that the nature of climatological variables has
nonlinear and delayed effects (Gasparrini 2010,
Gasparrini, 2011). Although ANN models take a time to
construct, theycan make predictionsat blinding speedsas
compared with local linear regression. As per obtained
results, the MSEs were 0.1-0.27, 0.1-0.25, and 0.1-0.26 for
ANN1, ANN2and ANN3models, respectively (Table 5-7).

Conclusively, preprocessing of the given available
past value of meteorological and air pollutant variables is
essential to predict air pollution conditions (Anomaly
detection). GT is a valuable preprocessing tool for
building a smooth data model regarding the capability of
anomaly detection and association rule learning
(Dependency modeling).

GA is an appropriate search and optimization
technique to f ind the best combination of meteorological
and air pollutant variables for the prediction of health
consequences of atmospheric air pollution (Clustering).
ANNs, LLR, and DLLR are powerful executing techniques
for forecasting air pollution emergency conditions
(Regression & Summarization).
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