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Abstract: Air pollution in large cities has been a major and a serious environmental problem all over the world;
hence, many countries initiated air quality management systems to monitor and control pollution rates around
big cities. It was found that harmful emission into the air is a symbol for environmental force that affects
seriously man’s health, natural life and agriculture; thus leading to major loss on the nation’s economy.
Government in industrialized countries deployed many regulations to apply restrictions on emission limits thus
reduce the levels of pollution in air and enforce the international standards for air quality levels. The main
objective of this study is to develop a non-parametric Artificial Neural Network (ANN) models to predict both
the Particulate Matters (PM10) and Total Suspended Particles (TSP) in Salt, Jordan. A data set collected around
Al- Fuhais cement plant over one-year period (2006-2007) by eight monitoring stations were used in our study.
The proposed ANN models considered the meteorological parameters: Temperature (Temp), Relative Humidity
(RH), Wind Speed (WS) as inputs. We developed two Artificial Neural Network based AutoRegressive with
eXternal (ANNARX) Input models to provide high performance modeling for the PM10 and the TSP air
pollution parameters. Experimental results show that ANNARX can provide good modeling results using a
limited number of measurements.
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INTRODUCTION concentrations of PM10 for Bordeaux metropolitan area.

Air quality prediction helps significantly in the empirical relationships between the measured PM10 and
management of our environment. Predicting air quality is other primary pollutants and meteorological parameters.
still a challenge because of the complexity of its processes Moreover, the Extended Kalman filter algorithm is
and the strong coupling across many parameters, which used to estimate 1-day ahead prediction of the extended
affect the modeling process [1, 2]. In urban areas, human state, containing model parameters and daily mean PM10.
health has been affected by air pollution [3]. The most This approach was applied using data from a monitoring
significant air pollutants are nitrogen dioxide, sulfur site in Bordeaux (south France).
dioxide, polycyclic aromatic hydrocarbons (PAHs) and Recently, Soft computing techniques such as ANN,
suspended particulate matter (PM) including dust, soot Fuzzy Logic (FL) and Genetic Algorithms (GAs) were used
and smoke [4]. Many techniques were adopted to handle in solving many air pollution model development
the air pollution forecasting problems [5–8]. In [9], an problems.   ANN    successfully    applied  to  atmospheric
adaptive nonlinear state-space based modeling pollution problems. In [10], authors introduced a new
techniques have been designed to predict daily mean Back-Propagation (BP) algorithm for the modeling of air

The suggested nonlinear model was designed based on
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pollution time series. ANN was used to solve many Particulate Matters (PM10): Particulate matter, also
forecasting problems for environmental systems [11, 12].
In [13] authors proposed a unified approach for
integrating    implicit   and    explicit    knowledge in
neuro-symbolic systems as a combination of neural and
neuro-fuzzy modules [13]. There technique was used to
extract fuzzy rules from neural implicit knowledge
modules. Genetic Algorithms (GAs) was successfully
used to extract the best features to develop an air-quality
model in [14].

In this paper, we present our initial idea of
developing ANN models for both the PM10 and the TSP
air pollution parameters. The proposed ANN will consider
a limited number of input variables, which include
Temperature, Relative Humidity, Wind Speed to predict
the values for both the PM10 and TSP. A BP learning
algorithm  is   used   to   train   the   ANNARX  models.
Our study considered one of the most polluted areas in
Jordan, which is Al-Fuhais City in Salt. It is characterized
by the presence of the largest cement plant in the country.
The product size amounts up to  2  million  tons  a  year.
In addition to a high volume of vehicular traffic
transporting cement, the factory and  the  mine  are
situated  in an area surrounded by residential districts.
The particulate matter emitted from industrial processes
has been of particular interest for the possible delayed
health effects associated with continuous exposure of
population.

Meteorological Parameters: Many international
environmental  agencies  like;  Intergovernmental  Panel
on  Climate  Change  (IPCC),  United  Nations
Environment Programme (UNEP), Earth System
Governance  Project  and  Global Environment Facility
(GEF)  are  responsible   in   protecting   human  health
and  the  environment,  so  they  have  set  up  standards
of  air  quality  guidelines  and  some  threshold for levels
of these pollutants in the air, thus, when these levels
exceed the threshold, it means that human health is in
dangerous [15, 16]. Meteorology, along with emissions
and atmospheric  chemistry,  is  well known  as  a  major
contributor  to  air  pollution episodes. The important
meteorological parameters  which influence air pollution
can be classified into primary parameters (i.e. wind
direction and speed, temperature, atmospheric stability
and mixing height) and secondary parameters (i.e.
precipitation, humidity, solar radiation and visibility). The
parameter varies widely as a function of latitude, season
and topography. Just as weather affects the severity of air
pollution, air pollution, may in turn affect weather
conditions [17].

known as particle pollution or PM, is defined as,”a
complex mixture of extremely small particles and liquid
droplets”. Particle pollution consists of a number of
elements. They include acids (such as nitrates and
sulfates), organic chemicals, metals and soil or dust
particles. The size of the PM particles is normally small
such that it can enter through either the throat or the nose
to the human’s lung. These particles can affect the heart,
lungs and cause serious health effects [3, 16]. Studies of
long- term exposure to air pollution suggest an increased
risk of developing various types of cancer [15, 18].
Particulate matter is measured and  expressed  as  the
mass of particles contained in a cubic meter of air
(micrograms per cubic meter, or µg/m3). These particles
are in 10 micrometres in diameter or smaller. The United
States has established two types of PM air quality
standards: PM10 and PM2.5. It was suggested that PM10
is a suitable parameter for monitoring PM pollution
around industrial activities involving the manipulation of
mineral dust (e.g. ceramic, cement or brick production,
mostly linked to fugitive emissions) because the mass of
dust is mainly in the  size  bigger  than  2.5  µm  fraction
[19-21].

Total Suspended Particles (TSP): Total suspended
particles are those particles which range in diameter from
0.1 to 10 microns and remain long suspended in the air
[16]. The deposition rate is relatively slow and depends
on the natural conditions of moisture, wind, heat and
others. Suspended particles which could be dangerous air
pollutant particles as possible to reach the lungs and
settle there. These particles constantly enter the
atmosphere from many sources such as:

Manmade like; fuel combustion in car engines and
power plants, factories, wood  burning,  industrial
pro- cesses, power generation [22] or
Natural side sources like; bacteria and viruses, salt
particles from evaporating sea water, Pollen, Fungi,
volcanic eruptions and many others [23].

These materials suspended in the air cause multiple
health problems. Moreover, TSP causes other several
problems, including increased emergency cases in the
hospitals for heart diseases, lungs and sometimes early
death.

Air Pollution in Jordan: Jordan is divided into 12
governorates. They are Ajlun, Amman, Aqaba, Balqa,
Irbid, Jerash, Kerak, Ma’an, Madaba, Mafraq, Tafilah and
Zarqa  as  shown  in  Figure  1.   In   Table   I,   we  provide
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Table 1: Statistics of Jordan Governorates According to 2008 Estimate [20]
Province Total Population (2008 est.) Area(km2) Population Density (person/(km2) Urban Population (%) Rural Population (%)
Ajlun 118,496 412 287.1 67.4 32.6
Amman 1,939,405 8231 246.3 91.4 8.6
Balqa 349,580 1076 324.9 63.9 36.1
Irbid 950,700 1621 570.3 76.4 23.6
Zarqa 838,250 4080 205.5 95.3 4.7

Fig. 1: Map of the Governorates of Jordan

statistics about various governorates, including their
areas, rural population, urban population and population Learning process depends on providing a set of
density. Beginning of the 70’s, Jordan started to realize training data, which used to adjust the network
the pollution problems associated with air. The impact of weights, using a described learning algorithm. After
air pollution began to deteriorate and affects the quality training process have been successfully achieved,
of air and as a result it has created health problems, which the network will be able to recognize a certain output
promoted the government to take action in controlling air when a newly data is presented to its input layer.
emissions [24]. In 1985, an air pollution monitoring ANN  found   to   be   clever   on  generalization.
network for Amman was developed as part of a They have the capacities to identify likenesses
collaborative research program between the Royal amongst diverse input patterns. ANN has been used
Scientific Society of Jordan and Environment Canada, both to estimate parameters of a formal model and
Pollution Measurement Division, Ottawa, Canada to help learn to simulate the process model itself to predict
achieving national air quality standards and national future outcomes. They can deal with non-linear, non-
emission standards for Jordan [25]. stationary, or chaotic function.

An early study of air pollution monitoring in Amman,
Jordan was presented in [26]. Author provided some Neural networks have been successfully used to
statistics about the TSP matter concentrations at four solve a variety of prediction  and  forecasting  problems.
sampling sites form July 1986 to June 1987. Carbon It has proven to be efficient in number  of  applications
monoxide, nitrogen dioxide, sulphur dioxide PM10 and [32-36].
total TSP were measured at various sites. In [24], authors
provided a study of Black Carbon Levels in City Centers ANN Architecture: ANN was introduced by Mcculloch
and Industrial Centers in Jordan. They measured the light and Pitts in 1943. They are parallel working systems that
absorption coefficients of black carbon at several urban consist of a number of processing units interconnected in
and industrial locations in Jordan during the summer of a network, called neurons. These neurons are grouped
2007 and the winter of 2008 using the photo-acoustic together to form a layer. Each neuron has a number of
instrument at a wavelength of 870nm. In [27], authors inputs  and  a single output, in our case study. Each input

measured the submicron particle number concentrations
in the urban/suburban atmosphere of Amman-Jordan
during the spring of 2009. Their main objective was to
distinguish the differences in the submicron particle
number concentrations with/without dust episodes.

Why Artificial Neural Networks?: ANN is a
computational technique inspired by in the nervous
systems of the human brain [28, 29]. ANN is a type of
non-linear processing system that is perfectly appropriate
for a widespread domain of applications [30, 31]. They are
generally trained using some learning algorithm to
memorize a certain function, classify patterns or take
appropriate decision using a set of collected
measurements  from   the   application   environment.
There are two main features make neural networks a very
useful tool in solving prediction and modelingproblems.

Those features are; their ability to learn and generalize.
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has an assigned factor or parameter called  the  weight.
The way how a neuron is working is as follows: input
signal to each neuron is multiplicity by the corresponding
weight then the result from the multiplication is summed
and passes through a transfer function, most likely to be
a sigmoid function. If the result of the summation is over
a certain threshold, the neuron output will be activated
else the output is not.

The Multilayer Perceptron: Processing units or neurons
can be interconnected into a network in different fashions, Fig. 2: A fully connected one layer feed forward network
the most popular one of these fashions is the Multi-Layer
Perceptron (MLP) network and due to the structure of the Gaussian function
MLP it is also named as multilayer Feed Forward (FF)
network. This structure orders the units in layers, letting (4)
each unit in a layer to receive inputs only from preceding
layer outputs or external inputs. If the MLP has two such MATERIALS AND METHODS
layers of units, it is referred to as a two-layer network, if it
has three layers; it is called a three- layer network and so Area of Study: The studying area was in Al-Fuhais city
on. which has Al- Fuhais cement plant (21.5 km west of

Figure 2 depicts  a  one-layer  feed  forward  MLP. Amman). The area of the city is about 30 square kilo
The  presented  network  is  a  fully  connected  because meters  and   total   population  about  20,000  Persons.
all inputs/units in one layer are connected to all units in The city located on hills varying in elevations ranging
the  following  layer;  input,  hidden and output layers. from between 550m  to  1200m  above  mean  sea  level.
The depicted network consists of N inputs, one hidden The annual average temperature in the city ranges from
layer and one output. 18-22 c. The coldest month in the year is January, where

The hidden layer hhas fully connected neurons with the average temperature reaches 6 c, while the warmest
nonlinear sigmoid function and the output layer has month in the year is August with the average temperature
neurons with linear sigmoid functions. increases to reach 24 c.The precipitation may reach

To clarify Figure 2 mathematically, given the inputs x 600mm. The average wind speed blowing throughout thei

of the layer n, the outputs y  of the layer n + 1 are year is 5.46 knot. Al-Fuhais containing cement plant,i

computed as: which considered the biggest cement factory in  Jordan,

(1) The factory has two production lines; the first line stack

y  = f(u ) (2) emitted from different cement manufacturing processesi i

MLP may use different activation functions  (AF). For handling of raw  materials  and  kiln  operation.  As  well
example; as,  dust  is also emitted from vehicles and trucks.

Identity function residential areas causing adverse health impacts [37, 38].

f(u) = u (3) Monitoring Instruments: Measuring process is carried

Logistic Function (Sigmoid) attenuation monitors in order to measure the TSP and

In our case, the HVS is installed on the terrace of the
(4) buildings and the instrument was placed in a parallel

in fact this function is the default function for the MLP cleaner; it drew a volume of air through a filter that
and mostly used. captured suspended particles. The sampler is operated at

0

0

0

as the product size is amounted to 2 million tons a year.

is 67.5m in height and 3.64m in diameter, the second line
stack is 86m in height and 3.1m in diameter. Dust is

and activities, including mining, milling, transport,

Because Al-Fuhais cement plant is surrounded by

out by using High Volume Sampler (HVS)GS3210and Beta

PM10 concentration. The used HVS is shown in Figure 3.

position to the ground. The HVS was used as a vacuum
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flow rates of 1m /min collected on pre-weighed glass fiber3

filters. The filters weighing as accurately as possible since
the ambient humidity is the common cause of producing
erroneous filter weights. It was run continuously for a
period of 24 hours and at the end of the sampling period,
the filter paper was removed and a daily reading for the
instrument was taken.

Distribution of Monitoring Stations: A monitoring
program for PM10 and TSP was deployed in order to
assess the environment situation in the area. The Faculty
of Agricultural Technology, Al-Balqa Applied University
(BAU), Salt, Jordan used eight monitoring stations to
measure PM10 and TSP concentrations. The eight
stationswere selected up to a distance of 7 km around the
plant and cover different types of environments and
surround  the   main  industrial  activities  in  the  area.
Five stations were used to measure the PM10 Fig. 3: High volume sampler GS3210
concentrations and the other three were used to measure
the TSP concentrations. The air quality monitoring
stations measuring PM10 named Deir El-Latin, Eshtaiwi
Home, George  Hassan  Home,  Bab  Al-  Salam  Palace
and Al-Kamaliyya School. The air quality monitoring
stations measuring TSP named Al-Hashimiyya Palace,
Bab Al-Salam Palace and Swaileh Municipality. In Figure
4, we show the location of the eight stations used for
taking measurements. We used a Google map to locate the
places of each station.

Nature of Data: A complete data set of the meteorological
factors and air pollution parameters PM10, with particulate
matter of a diameter less than 10µm and TSP, with
particles larger than 10µm in diameter, was carried out in
eight monitoring stations around Al-Fuhais cement plant
over the one-year period.The collected data during the
study period are from 26 November 2006 to 25 November Fig. 4: Locations of air quality monitoring stations at
2007. Ambient air quality was monitored with a sampling Al-Fuhais City, Salt, Jordan
frequency of 24 hours. The stations were distributed to
cover different  types  of  environments  in  the  area. identification of nonlinear dynamic systems has been
They were distributed around the main industrial growing in recent years and is recommended for cases
activities. where there is no a priori knowledge about the real

The meteorological data include Temp, RH, WS were system; also it is  useful  when  the  system  to be
obtained from Al-Salt meteorological station (the nearest modeled has a very complex nonlinear dynamic behavior
station to the study area). In Figure 5 and 6, we show the [33, 34].
training and testing data used to develop the ANNARX ANNs have the capability to cover a nonlinear
models for both the PM10 and the TSP air pollution mapping from past signals (past output signals and/or
parameters. past input signals) to the predicted value of y(t). Authors

Ann Model Building: The most general structure for learningalgorithms to deal with different types of system
nonlinear black-box modeling technique  is  a  neural identification  using  ANNs  [41].  General  nonlinear
input-output model, which can be treated as a nonlinear input-output models can be described as in Equation 6
extension of linear dynamic  systems.  Using  ANN  in  the [40]:

[39, 40] have presented many designs, architectures and
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Fig. 5: Training data set for both the PM10 and TSP
ANN Models

Fig. 6: Testing data set for both the PM10 and TSP ANN
Models

Fig. 7. The NNARX Model Structure [42]

Fig. 8: The proposed ANNs Architecture for the PM10
ANN model

(4)

where (t, ) is the regression vector,  is the neural
network adjustable parameters vector known as the
weights W and g is a nonlinear function realized by the
neural network. The proposed ANNARX Input Model is
presented in Figure 7.
The regression vector [42]  is  defined  as  in Equation 7.

(7)

Notice that the regression vector is formed with the
past values of the input and output of the system.

Proposed ANN PM10 and ANN TSP Models: The
proposed ANN architecture is given as three layers as
follows (Figure 8 and Figure 9):

The input layer has seven input neurons.

The hidden layer has three neurons for the PM10 and
five  for   the   TSP   with  nonlinear  sigmoid
function. The hidden units are fully connected to
both the input and output.

The output layer has one linear output neuron to
produce the prediction of PM10/TSP computed at
”Deir Al-Latin School”.

Model Evaluation: In order to check the performance of
the developed ANN models the Mean Squares Error
(MSE),   the    Euclidian    distance   (ED),   the  Manhattan
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Fig. 9: The proposed ANNs Architecture for the TSP
ANN model

Table II: Inputs and Outputs in Both the Pm10 and Tsp Ann Models

Inputs Temp(t-1), Temp(t-2), RH(t-1), RH(t-2)
WS(t-1), WS(t-2), y(t-1)

Output y(t)

Table III: Setting Parameters for Adopted Ann Models

Parameters Value

Number of layers 3
Number of neurons in the hidden layer for the PM10 ANN Model 3
Number of neurons in the hidden layer for the TSP ANN Model 5
Number of neurons in the output layer 1
Number of iterations 500

Table IV: Evaluation Criteion for Pm10 Dataset

Criteria Training Testing

MSE 155.8054 219.7853
MD 9.3084 11.2080
ED 192.5660 161.0424
MMRE 0.3133 0.3125

Table V: Evaluation Criteion for Tsp Dataset

Criteria Training Testing

MSE 506.0165 1010.7
MD 16.8033 23.6472
ED 347.0330 345.3467
MMRE 0.2902 0.2344

distance (MD) and the MeanMagnitude of Relative Error
(MMRE) were  measured.  Theseperformance  criterions
are  assessed  to measure how close themeasured values
to  the  values  developed  using the ANNapproach.
These criterions helps in better evaluating thecapabilities
of the developed ANNARX models for thePM10 and TSP.
MSE, ED, MD and MMRE are computedas follows:

Mean Squares Error (MSE)

(8)

Euclidian distance (ED):

(9)

Manhattan distance (MD):

(10)

Mean Magnitude of Relative Error (MMRE)

(11)

wherey and  are the observed PM10 or TSP values and
the predicted values based on proposed model and n is
the number of measurements used in the experiments,
respectively.

Experimental Results: To develop the ANNARX models,
we usedthe NNSYSID MATLAB Toolbox. This toolbox
was providedby Magnus Norgaard in [43]. The MATLAB
Toolbox consists of a set of tools for neural network
based  identification   of   nonlinear    dynamic   systems.
It  has  many ANN learning algorithms implementation.
We adopted the ANNARX model which is presented in
Figure 8 and Figure 9 with the appropriate input delays.

Given that y(t) is considered the ANN predicted
output; which is either PM10 or TSP according to our
case study. The BP learning algorithm was used for
training the ANNARX to satisfy the minimum error
convergence requirements. The prediction error method
is based on the introduction of a measure of closeness
specified in terms of the Mean Square Error (MSE) error
criteria.

ANN Setup: We adopted the  given  architecture in
Figure 8 and Figure 9 along with the setup of the ANN
parameters given in Table III.

PM10 ANN Model: We run the proposed ANNARX
model for number of experiments. The results were
collected after each experiment to select the best ANN
performance model for predicting the PM10. It  was  found
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Fig. 10: Observed and predicted measurements for the Fig. 13: Observed and predicted measurements for the
PM10 ANN Model in the Training Case TSP ANN Model in the Training Case

Fig. 11: Observed and predicted measurements for the Fig. 14: Observed and predicted measurements for the
PM10 ANN Model in the Testing Case TSP ANN Model in the Testing Case

Fig. 12: MSE Convergence for PM10 ANNs Model That   is   why   we   introduced   more    neurons    in  the

that the developed ANN is quite promising and was
capable of achieving acceptable error level after number
of iterations using three neurons in the hidden layer.
Figure  10  illustrates the performance of the  model  over
the training data set. On the other hand, Figure 11
illustrates the performance of the model over the testing
data set. The computed difference between the observed
and predicted PM10 is presented in Table IV. ANN
convergence during the training process is shown in
Figure 12 over five experiments.

TSP ANN Model Results: We found that the relationship
between the inputs and output variables of  the  TSP
model  is  more  complex  than  in  the  case  of  PM10.



Middle-East J. Sci. Res., 14 (7): 999-1009, 2013

1007

Fig. 15: MSE Convergence for TSP ANNs Model

hidden layer for the ANN (five neurons). We run ANN
over five experiments and collected the results in each
case. The best produced results are shown in Figure 15.
Figure 15 shows  the  convergence  of  the  proposed
ANN  TSP  model over five experiments. The observed
and  predicted TSP  values  in  both  training  and testing
cases is shown in Figures 13 and 14. In Table V, we show
the performance results obtained based the ANN TSP
model.

CONCLUSIONS

In this paper we explored the use of ANN to build a
nonlinear ARX model for both the PM10 and TSP
airpollution parameters. Although we used a short period
of time to develop our models (one year) the developed
models seems to be quite good with respect to adopted
error evaluation criterion. We believe that we can provide
better modeling results if we explored other learning
algorithms which can  provide  a  more  robust  results.
We plan also to explore the use of hybrid learning
algorithms such as Artificial Neural Fuzzy Inference
Systems (ANFIS) for process learning. The learning
algorithm showed tremendous modeling capabilities in
various application areas.
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