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Abstract

During the last decades, air pollution has become a serious environmental
hazard. Its impact on public health and safety, as well as on the ecosystem,
has been dramatic. Forecasting the levels of air pollution to maintain the cli-
matic conditions and environmental protection becomes crucial for govern-
ment authorities to develop strategies for the prevention of pollution. This
study aims to evaluate the atmospheric air pollution of the city of Zahleh lo-
cated in the geographic zone of Bekaa. The study aims to determine a rela-
tionship between variations in ambient particulate concentrations during a
short time. The data was collected from June 2017 to June 2018. In order to
predict the Air Quality Index (AQI), Naive, Exponential Smoothing, TBATS
(a forecasting method to model time series data), and Seasonal Autoregres-
sive Integrated Moving Average (SARIMA) models were implemented. The
performance of these models for predicting air quality is measured using the
Mean Absolute Error (MAE), the Root Mean Square Error (RMSE), and the Rel-
ative Error (RE). SARIMA model is the most accurate in prediction of AQI
(RMSE = 38.04, MAE = 22.52 and RE = 0.16). The results reveal that SARIMA
can be applied to cities like Zahleh to assess the level of air pollution and to pre-
vent harmful impacts on health. Furthermore, the authorities responsible for
controlling the air quality may use this model to measure the level of air pol-
lution in the nearest future and establish a mechanism to identify the high
peaks of air pollution.
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1. Introduction

Air pollution is one of the most important public health problems, specifically in
urban areas where the majority of industries and traffic circulation. It has im-
pacts on human health as well as on the environment. Nowadays, air pollution
does not threaten only humanity, but also Earth’s ecosystem [1]. Air pollution is
a growing public health problem, and mortality due to air pollution is expected
to double by 2050 [2]. According to recent estimates reported by the World
Health Organization (WHO), more than 90% of the world’s population is ex-
posed to unhealthy air quality, which exceeds the guideline limits, which is the
main cause of high incidence of premature mortality and morbidity. In addition,
each year, 4.6 million people die from causes related directly to air pollution [3].
Health problems increase depending on the time of exposure and the type of
pollutants. Hence, we can define several types of pollutants which can be classi-
fied into two groups based on their sources: primary and secondary. The prima-
ry category covers the pollutants which are directly transmitted from an atmos-
pheric source of air pollutants. The secondary group consists of the pollutants
which are formed from the chemical reaction of the primary pollutants within
the atmosphere [4]. The Middle East region is characterized by specific weather,
hot and dry in summer and moderate and humid in winter. This region is com-
posed of an almost surrounded sea where the air constitutes a crossroads of pol-
lution and natural emissions [5]. The Mediterranean basin is especially sensitive
to atmospheric air quality due to cloudless weather and intense summer sun-
shine. Since Lebanon belongs to the MENA region, the assessment of air quality
in this country has been of special importance in recent years. Lebanon is a small
country in the Middle East, located at approximately 34°N, 35°E surface of
10,452 km?, and its widest point is 88 kilometers, its narrowest is 32 kilometers;
the average width is about 56 kilometers [6]. Air pollution in this country is very
high, in proportion to its area and number of inhabitants. The increase in signs
of pollution along with the number of people suffering from respiratory illness made
it very important to monitor and control air pollution. According to the World
Health Organization, the air quality in Lebanon is considered very dangerous to
the ecosystem. Recently the annual average concentration of PM, ; in the country
is 31 glm’, which exceeds the recommended maximum of 10 glm’. Several fac-
tors that contribute to poor air quality in Lebanon include cement industries,
food processing, minerals and chemicals, petroleum refining, and vehicle emis-
sions. Note that there are seasonal variations in Lebanon with the highest levels
of air pollution in winter (December to March) due to heating. The most pol-
luted cities in Lebanon are Baalbak, Beirut, Saida, and Zahleh have high levels of
air pollution. Zahleh is a heavily populated city that is affected by several sources
of air pollution. Several pollutants were identified that have constantly increas-
ing levels in the atmosphere such as the road transport sector [7], and an unre-

gulated private diesel generator sector [8]. In addition, the significant crisis in
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solid waste treatment has increased the concentration of pollutants in the air, as
well as the risks of short-term cancer and respiratory diseases [9]. Several works
were carried out to study the air quality in the capital Beirut, these studies showed
serious air pollution which has an impact on the health of the citizens. However,
there are no recent studies to assess the air quality in the Bekaa region, especially
since this region differs from the capital in geographical characteristics, its rivers,
and its valleys. In this article, we are interested in modeling pollution in Zahleh,
Lebanon, where we will be focusing on three main objectives; identifying the re-
lationship between the parameters of air pollution and the meteorological ele-
ments, calculating the Air Quality Index (AQI), and making an air quality fore-
casting to predict future levels of pollution. Previously, time series analysis has
been used to study the daily average concentration of air pollutants, compare the
fluctuation of time series, and investigate the variation of air pollutants over time
on a weekly, monthly, and yearly basis in Lebanon [10]. This method was also
used worldwide in big cities in very crowded countries such as India [11] [12]
[13]. The time series method was helpful in showing the variation of the daily
and seasonal averages in order to identify the time of the year, and of the day, where
some parameters have peak levels [14]. Also, the correlation between air pollution
parameters and the meteorological elements was investigated many times in the
literature, using different models such as the Random Forest regression [15], sim-
ple linear regression [16], and multi-linear and nonlinear regressions [17]. Find-
ings were different in each study area and for different parameters, where some
parameters showed a highly negative correlation with meteorological elements,
and others were affected positively by these elements. Many statistical approaches
are used to study air pollution and its health effects in order to analyze air quali-
ty and predict future values [12]. Note that descriptive statistics are limited in
terms of understanding behavior and air quality variability [18]. In addition to
probability models [19] and studying the temporal distribution of air pollutants,
other studies have relied on time series analysis, which facilitates a better under-
standing of the cause-and-effect relationship in environmental pollution [20].
The ARIMA and SARIMA models were found very useful in different studies
conducted in Tehran and Peninsular Malaysia respectively [21]. Then, combined
with the ARIMA model, the principal component regression was chosen as the
best model to calculate and forecast the future Air Quality Index (AQI) in Del-
hi-India [22].

This article is organized into several sections, firstly, the description of a mon-
itoring station and the parameters of pollutants illustrate the evolution of pollution
in this region. Secondly, a description is given regarding the statistical method, the
linear model, and the performance of the model to model and forecast air quality
for the near future. Then, in the next section, we present results, starting with de-
scriptive statistics and graphic presentation per hour/week/month in order to as-
sess the variation of atmospheric pollutants. Afterward, to investigate the corre-

lation between different measurements, we compute the coefficient of correla-
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tion for two different seasons. Furthermore, the calculation of the Air Quality
Index (AQI) through a general formula that presents the pollutant parameter to
correctly forecast atmospheric pollution and compare several forecast models to-
gether with selecting the SARIMA model as the most suitable one according to the
selection guideline provided. In the end, an overall summary is presented whose

aim is to evaluate the levels of air pollution to prevent harmful impacts on health.

2. Study Area

Monitoring of air quality in Lebanon dates back to 2013 from the installation of
five monitoring stations as part of the Environmental Resources Monitoring
Project in Lebanon (ERML). These stations use online analyzers connected to a
control and Data Acquisition System (DAS) located at the MoE. All the analyz-
ers installed within the air quality monitoring stations (AQMS) are based on
reference methods meeting the requirements of the European directive on air
quality 2008/50/EC. The monitoring stations were located in Memchiyeh garden
with coordinates of 33°59'52.44"N and 36°12'16.43"E. Zahleh is the largest city in
Bekaa and the fourth largest city in Lebanon with an area equal to 8 km? It is
located 54 km to the east of the capital Beirut. It is located on the Eastern foo-
thills of Sannine Mountain and surrounded by the Lebanese mountains and the
Bekaa valley [10].

3. Data Monitoring

In this paper, we focus on the more prevalent atmospheric pollutants: Nitrogen
oxides (NO,), which contain nitrogen, and oxygen in varying levels, such as ni-
tric oxide (NO) and nitrogen dioxide (NO,), carbon monoxide (CO), sulfur dio-
xide (SO,), ozone (O;), and particulate matter (PM) of 10 and 2.5 microns in
diameter. The pollutant concentrations are compared to the WHO Guidelines

that are summarized in Table 1.

Table 1. WHO guidelines for air pollutants.

Pollutant Duration of exposure WHO Guidelines
PM,, 1 year 35 pg|lm’
PM,, 1 year 20 pg|lm’
NO, 1 year 40 pg|m?

O, 8 hours 100 pg|lm’
SO, 24 hours 20 pg|lm’

The pollutant data is registered by the Department of Air Quality, Ministry of
Environment, Lebanon, which is monitored at Memchiyeh Garden Station lo-
cated in Zahleh-Bekaa region. The data were hourly observed from June 2017 to
June 2018 (13,895 recorded observations). The variables available were NO,
NO,, NO,, CO, SO,, PM,;, PM,,, Temperature, Humidity, Wind Direction,
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Wind Speed at Zahleh. All pollutants were measured in pglm’ except for CO
which was measured in mg|m®. The missing values were observed to be filled by
various statistical approaches, such as replacing them with the neighbor’s most
similar value, daily mean/median/maximum, however, the data that was col-
lected in Memchiyeh station, encounters missing values consecutively. Therefore,
the Multivariate Imputation by Chained Equation (MICE) algorithm was sug-
gested as the most suitable method to impute these missing values [23]. The MICE
is a package R, which assumes that data are randomly missing. It prepares mul-
tiple values to be replaced by the missing values by designing an appropriate
model, such as regression. Each variable is considered a dependent variable to be
treated in this approach. The MICE process involves the prediction of the miss-
ing values for the selected variables by using the available data of the other va-
riables. Then the missing values will be replaced by the predicted values to make a
new data set called imputed data set, and through iterations, multiple imputed da-
ta sets are generated [24]. There are 22,485 missing values from a total of 152,895
observations (about 15% of the data are missed) in Memchiyeh station [25]. The
detection of outliers is not important in time series analysis, but error detection
is significant for analysis. Pollutants can have a high level due to numerous fac-
tors that serve the purpose of this study. However, for meteorological variables,
there are some outliers that were considered to be seasonal errors. The errors de-

tected have been replaced with the median of the time period they are included.

4. Methodology

The initial step prior to applying any models is to treat the raw data. For this
purpose, we used the Multivariate Imputation by Chained Equation (MICE) al-
gorithm to fill in the missing data, which was an R package that assumes data are
missing randomly. There were 22,485 missing values out of a total of 152,895
observations (about 15 percent of the data are missing). MICE prepares several
values to replace with the missing values through a suitable model design such as
regression and then replaces the missing data with predicted data to make a new
dataset called imputed dataset, and through iteration, multiply imputed datasets
will be generated [11]. Finally, each dataset will be analyzed. Subsequently, the
outliers were detected and replaced by the median of the period in which they
are included. This is especially important because, in meteorological parameters,
outliers are considered errors depending on the season. It is advisable to use
numerical values for data aggregation (e.g. calculation of daily mean values or
monthly mean values). We selected the daily average values for the calculation.

Once the raw data was processed, R software was used for data analysis.

Statistical Models

The goal of the statistical approach is to develop the most accurate model of the
phenomenon, not based on the information that we know about it but on infor-

mation that can be derived from a dataset describing this phenomenon. Therefore,
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there is no necessity to formalize the operation of the phenomenon being studied
and we do not have biases caused by imprecision’s in the models we develop.
However, we need to have a data set allowing the model to adequately represent
the studied phenomenon, and we need to be able to exploit the information
present in this data set. Furthermore, the inaccuracy of the data used will affect
the forecast. An important aspect of modeling air pollution is statistical analy-
sis, which involves the prediction of the future development of a data set from the
observed data set up to the current observation time. To forecast univariate time

series, we use Naive, TBATS, exponential smoothing, and SARIMA models.

Performance Measures

The objective of the assessment is to evaluate the ability of the model to perform
well. Several measures are used to validate the regression model. Firstly, we focus
on the computation of the Mean Absolute Error (MAE) that uses the absolute
value of the difference between the observed and the predicted, thus measuring
systematic error and random error. The MAE can be used to evaluate the efficien-

cy of the model.
14,
MAE ==3"|§, - |
Nz

Secondly, the Root Mean Square Error (RMSE) is computed by using the dif-
ference between the observed and the predicted rather than absolute values. As a
result, this index gives more bias towards greater differences between observed
and predicted, which is desirable for air quality prediction purposes as peak le-
vels of pollution are most important for forecasting.

1& . e
MSE :_;(yi - Y)

It is preferred to provide RMSE results as its square root, the mean square er-
ror (MSE), which has the same information but has the same magnitude as the
predicted variable. RMSE is most widely used due to its legibility and accurate

precision estimate.
1%, . 2
RMSE = HZ(yi -v)
i=1

Finally, the Relative Error (RE) is a precision measure, which describes the
accuracy of the measurement. RE identifies the relative precision between two or
more measurements.

o
re = 2ial9 Y100

n

Zi:l Yi

5. Results and Discussion

Following data filtration, the daily averages were computed as well as descriptive
statistics of the measured values in the monitoring station. The following step

was to make hourly, weekly, and monthly variation graphs using temporal cor-
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MEAN & STD DEVIATION

relation. Numerical values are recommended for data aggregation (e.g. calcula-
tion of daily average values or monthly average values). Here, daily average val-
ues have been selected to be computed. Once the pollutants data were processed,
R software was used to perform the data analysis. The observations were taken
from June 1, 2017 to December 31, 2018 in Zahleh. In Figure 1 and Figure 2, we

represent some graphical descriptions.
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Figure 1. Q, (25%), Q, (50%), Q; (75%) for the pollutants in Memchiyeh station.
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Figure 2. Mean and standard deviation for the air pollutants in the Memchiyeh monitoring station.

5.1. Hourly Variation

The hourly variation results indicated that there were some times of the day
when the concentration of certain air pollution reached its peak, whereas others
have no significant variation throughout the day. As an example, NO, NO,, NO,,
and CO have two peak time periods, the first recorded between 6 and 10 AM,
while the second recorded between 4 PM and 1 AM. The other parameters are
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almost identical during the day. Figures 3-6 illustrate the hourly variation of air

pollutants in Zahleh.

O~ AN NTNOUNOANO—~ANNTNOMSWAND —AN M O= NNV OSWONO
— e e = NN NN -

Date Date

Figure 3. Hourly variation of SO, (left) and NO, (right).

1000
500 200
400

300

2 .

20013, 7

10007

S - AN T NOREDANO ~NMTNOEOND = N ¢ SHamynORoORC SN TNOECEERT
o e e = o= == NN NN
Date Date

Figure 4. Hourly variation of NO (left) and NO, (right).
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Figure 5. Hourly variation of PM,, (left) and PM, ; (right).

Figures 3-6 indicate that the concentrations of NO, NO,, NO,, and CO have
their first peaks between 6 and 10 AM. The second highest peaks are detected
between 16:00 and 1:00 AM. SO,, PM,;, and PM,, pollutants do not exhibit any
remarkable hourly variation. High daytime levels are correlated with increasing
traffic and urban activities, and night-time concentrations are coincident with an
increase in the number of recreation vehicles and outdoor activities. A previous
study indicated that peak traffic hours occur between 7 and 11 AM and between
5 and 7 PM from Monday through Friday, although traffic remains relatively
high throughout each day [26].
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Figure 6. Hourly variation of CO.

5.2. Weekly Variation

This subsection investigates the weekly variation of the pollutants to identify the
dependency of their concentration on their source activities which may affect the

weekly atmospheric conditions in the Bekaa region, particularly in Zahleh (Figures
7-10).
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Figure 7. Weekly variation of SO, and NO,.
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Figure 8. Weekly variation of NO and NO,.
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Figure 9. Weekly variation of PM,, and PM, ;.
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Figure 10. Weekly variation of CO.

Regarding weekly variation, we noticed no significant changes in pollutant le-
vels which remain high throughout the entire week as the city of Zahleh is highly
populated and has very frequented roads and driveways during the weekends as
well as the weekdays. The principal reason for the absence of weekly variation is
that concentrations of pollutants change quickly in urban areas and persist for
several days before they disappear. Nevertheless, Zahleh is heavily inhabited.
That led to a variety of issues, particularly in the transportation sector, where
most transportation methods used in the area were private vehicles, and almost
complete absence of any public transport mode, which caused a noticeable in-

crease in pollution in this area.

5.3. Monthly Variation

Monthly graphs indicate that the concentrations of NO, NO,, SO,, and CO in-
crease in the winter and decrease in the summer. In contrast, NO, concentration
is highest in the summer. However, PM,; and PM,, have no remarkable varia-

tion over the year (Figures 11-14).

DOI: 10.4236/acs.2022.124040 737 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2022.124040

A. Atoui et al.

50 250

40 . = ~.’E-' . - . : . 200

150| .

Date

Figure 11. Monthly variation of SO, and NO,.
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Figure 13. Monthly variation of PM,; and PM, ..

High emissions of SO, during the winter may be caused by some factors in-
cluding the development of a reversal atmosphere and delayed wintertime oxi-
dation of SO,. These pollutants are emitted from diesel vehicles and from central
combustion engines. These operations are increased during the winter season,
which causes an increase in the levels of pollutants during that season. The traf-
fic levels increase during the winter season and reduce during the summer sea-
son as a result of the schools, the universities, and certain work activities that occur
seasonally. Whereas during summer, activities of the schools and the universities
come to a halt; furthermore, numerous people move out of the country for vaca-
tion. Also, heating equipment is not used during summer. Those factors reduce pol-
lutant emissions. Pollutants that do not vary monthly are caused by their sources

which do not vary throughout the year.

DOI: 10.4236/acs.2022.124040 738 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2022.124040

A. Atoui et al.

20.0
17.5
15.0
12.5
8 10.0
1.5
5.0
2.5

0.0

Figure 14. Monthly variation of CO.

5.4. Environmental Factor Variation

Considering each parameter independently, using the descriptive statistics, it can
be noted that the concentrations of NO, NO,, NO,, CO, PM, , and PM,, are ex-
tremely high and that NO,, PM,, and PM,, are above the guidelines, whereas
the SO, concentration is almost certainly not above the limits. It is also to be

noted that NO, concentration is highest during the summer season. In order to

Memshieh garden-Zahle

Speed (m/s)
= [0.0:2.0)
£ [2.0:4.0)
[4.0:6.0)
m [6.0:8.0)
== [8.0:10.0)
mm [10.0:inf)

S
Figure 15. Observed wind speed and direction at Zahleh 06-2017/2018.
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justify these levels, it should be mentioned the presence of an electric power sta-
tion in Zahleh, 5 km away from the monitoring station, which causes 40% of the
NO, emissions. Regarding the elevated CO levels, these are the consequence of
heating for long periods, since the temperature is usually low and significantly
decreases during winter in this city.

One further factor which can affect the level of pollution is the wind direction,
as can be shown in Figure 15, where the wind is directed to the northeast, which
means that it is moved towards Zahleh, and as this city is located between the
Lebanese mountain chains to the east and the west, rather than being an entirely
wide area, the pollution transmitted by the wind from other cities can be cap-
tured at Zahleh for longer time periods, which explains the high pollution levels
around the year. Furthermore, the temperature in Zahleh is much warmer than
in other cities like Beirut all year round, leading to greater usage of gas heaters,

fireplaces, and ovens in Zahleh, thus leading to increased CO levels.

5.5. Pollutants Concentration Correlation

The Pearson seasonal correlation was used to identify a correlation between the
air pollution parameters and the meteorological components. Firstly, the data
were divided into two seasons: the summer season including the months from
March to August, and the winter season including the months from September
to February. Results are shown in Table 2 and Table 3.

Table 2. Winter correlation matrix in Zahleh.

NO NO, NO, CO SO, PM,; PM,, Temp Hum WD WS

NO 1 062 097 089 056 021 023 -020 -0.07 029 0.00

NO, 1 053 075 062 027 029 046 -059 029 -0.16
NO, 1 089 055 025 027 -0.08 -020 032 -0.03
co 1 059 025 026 -0.12 -0.18 033 -0.02
SO, 1 029 031 032 -057 041 -0.05
PM, 1 1.00 023 -015 016 -0.17
PM,, 1 024 -0.16 0.8 -0.18
Temp 1 -074 011 -0.39
Hum 1 -027 0.6
WD 1 014
WS 1

Table 3. Summer correlation matrix in Zahleh.

NO NO, NO, CO SO, PM,, PM,, Temp Hum WD WS

NO 1 064 077 038 0.66 0.15 0.12 -045 -0.08 0.21 0.27

NO, 1 0.53 044 067 0.11 0.14 060 -0.58 036 -0.24
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Continued
NO, 1 041 0.62 0.18 0.18 0.02 -0.43 0.41 0.06
CcO 1 0.31 0.22 0.23 0.15 -0.25 0.21 -0.09
SO, 1 0.18 0.16 -0.16 -0.27 0.26 0.27
PM, . 1 1 011 -023 011 0.09
PM,, 1 0.16 -0.24 0.12 0.07
Temp 1 -0.58 0.11 -0.45
Hum 1 -0.33 0.00
WD 1 0.32
WS 1

These Pearson correlation matrices were built and found that, during winter,
the temperature has a moderate and positive correlation with NO, and SO, at
Zahleh, and weak correlation with the remaining pollutants. The humidity cor-
relates strongly negatively with NO, and SO, at Zahleh, and correlates negatively
with NO,, NO,, and SO, moderately. The wind direction shows a moderate posi-
tive correlation with NO,, CO and SO, at Zahleh. The wind speed has a moderate
negative correlation with NO, NO, and CO, and a strong negative correlation
with NO,.

During summer, the temperature has a high positive correlation with NO,,
but a moderate negative correlation with NO at Zahleh. Humidity correlates ne-
gatively and strongly with NO, but moderately with NO, at Zahleh, negatively
correlates moderately with NO and SO,, and negatively correlates strongly with
NO, and NO,. The wind direction has a positive and medium correlation with
NO, and NO,. The wind speed has a weak correlation with all the air pollutants
during the entire year at Zahleh. This is attributed to Zahleh being enclosed in
two hills which reduces the wind speed. As all the pollutants share some com-
mon sources and some pollutants are in the same cluster, we could identify some
correlations between them. NO and NO, belong to the NO, group, and they
strongly correlated and similarly correlate to other pollutants. This is also the
case for PM,; and PM,,. During the winter, NO, and their group are strongly
positively correlated with CO and SO,, and are weakly positively correlated with
PM. PM is weakly positively correlated with all the pollutants. SO, and CO are
strongly positively correlated. During the summer season, NO, and their group
show a high, moderate, and low positive correlation with SO,, CO, and PM, re-
spectively. PM has a weak positive correlation with the other pollutants. CO and
SO, have a moderate and positive correlation. It is noted that the correlation
between the different pollutants, and between the various pollutants and meteo-
rological factors, has not significantly varied among the different seasons.
Therefore, in the following process, the seasonal variation is not considered and

the results will be treated annually.
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Table 4. EPA’s AQI values.

6. Application of AQI

The principal purpose of AQI is to evaluate the concentration of atmospheric
pollutants to study air quality. AQI is a dimension-free measure. Firstly, the
sub-AQI of the six principal pollutants (PM,;, PM,,, SO,, CO, NO,, and O,) were
computed using the observed concentrations. Secondly, AQI is derived based on
the maxima of the sub-IAQs of all pollutants, as illustrated in equation 2. It should
be noted that once the AQI is greater than 50, the maximum sub-AQI pollutant is
defined as the primary pollutant occurring that day. The higher AQI indicates that
air pollution is serious and produces major health damage. The AQI formula is

shown as follows:

ign — |

IAQl, = —"—=(C, —Cio )+ I Lou (1)
High _CLOW

AQI = max (1AQI,, 1AQL,, -+, 1AQI,)) )

The AQI can be divided into six categories of air quality assessment, presented
in Table 4. When the values of the AQI are below 100, the quality of air is ade-
quate. Where the AQI value is almost 100, pollutant measurements are within
legal guidelines. In contrast, when the AQI values exceed 100, the air quality de-
teriorates. The U.S. Environmental Protection Agency (EPA) has proven the ex-

istence of one national standard for the quality of the air in order the protect
public health [4].

PM,; (ug|lm’) PM,, (ug|lm?)

CO SO, NO, NO, AQI AQI Category

Cow- Cup Cow- Cup Ciow~ Catgs Cow~ Cogs Cow~ Ctp Ciow= o | _
(24 hr) (24 hr) (24 hr) (24 hr) (24 hr) (24 hr) lw Chih
0.0 - 12.0 0-54 0.0-4.4 0-35 0-53 0-40 0-50 Good
12.1-354 55-154 45-94 36-75 54 - 100 81-180 51-100 Moderate
35.5-554 155 - 254 95-124 76-185 101 - 360 41-80 101-150 Unhealthy for Sensitive Groups
55.5-150.4 255 - 354 12.5-154 186-304 361 - 649 181-280 151 -200 Unhealthy
150.5 - 250.4 355-424 155-30.4 305-604 650-1249 281-400 201 -300 Very Unhealthy
250.5 - 3504 425 - 504 30.5-40.4 605-804 1250 - 1649 400 300 Hazardous

All results obtained are shown and plotted below.

Table 5. Descriptive data of measured air quality.

Mean Std Min Q Q, Q Max

139.13 53.89 52 110 129 151 429

Table 5 shows some characteristics of AQI from June 2017 to 31* December
2018. The average AQI score for the Zahleh cities is equal to 139.13. Although

Memchiyeh monitoring recorded the highest average AQI score and the most

DOI: 10.4236/acs.2022.124040

742 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2022.124040

A. Atoui et al.

dispersed measure of air pollution concentration (SD = 53.89; range = 377).
These results ensure our previous ones, and that Zahleh is affected by air pollution
and suffers from serious health problems.

> #- Daily Mean

wwsMonthly Mean
400 o

]
300 [ [ : |
:

5 s

gzso ul

’ }, L :

0150 | i e | ! ik ; !
o) | {{{{T l |, Ay ";"" ,’ "'2‘3 " ik’ h{
50 I

2017-07 2017-09 2017-11 2018-01 2018-03 2018-05 2018-07 2018-09 2018-11 2019-01
Date

Figure 16. Daily and Monthly average of calculated AQI in Zahleh.
Figure 16 shows the average of daily and monthly calculated AQI. The monthly
AQI reaches its first maxima (199.839) in December and the second one (181.75)
in February, then reaches its minima (105.161) in July and the second one

(106.033) in June. These results ensure our previous analysis, and that the pollu-

tion increase in the winter and decreases in the summer.
Moderate
75.0%

) Severe
: - Very Poor

Poor

Satisfactory

Figure 17. Daily AQI in Zahleh 06-2017 to 12-2018.
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We notice that 98 days (16.9%) out of total days are leveled as satisfactory, 434
(75%) leveled as moderate, 30 (5.2%) as poor, and 12 (2.1%) as very poor, and 5
(0.9%) as severe (Figure 17). This means that the people suffering from lungs,
asthma, and heart disease are breathing uncomfortably 75% of the days of the
year in Zahleh, 5.2% of the days, people exposed to air pollution will breathe
discomfort, 2.1% of the days, exposed people will start developing respiratory
illnesses, and 0.9% of the days, healthy people will be affected by the pollution,
and people with diseases will be subjected to serious impacts. Generally, Zahleh
is affected by pollution, and the quality of the air in this region is generally not

satisfactory, which causes many health problems and diseases.

7. AQI Prediction and Seasonal Decomposition

Prior to beginning the predictive models, we should first decompose the univa-
riate time series. After testing both additive and multiplicative air quality models
by using the seasonal decompose function, we noticed that the multiplicative
model fitted significantly more efficiently to the data set. The seasonally decom-

pose function yields the following results.
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Figure 18. Daily AQI in Zahleh 06-2017 to 12-2018.

Figure 18 shows a variation of the data over time (weekly). In addition, the
residuals vary around zero, which verifies the reliability of the predictions and of
the fitted model.

Univariate Time Series Forecasting

Air quality forecasting models have two main purposes. First, they validate
theoretical knowledge of the atmospheric mechanisms that govern the evolution
of air quality and are therefore necessary for research. They also help authorities

to monitor the state of the air to which the population and the natural environ-

DOI: 10.4236/acs.2022.124040

744 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2022.124040

A. Atoui et al.

ment are exposed, for the protection of public health and the environment. The
predictive models provide the authorities with the necessary information in time
to take punctual measures to limit or mitigate pollution peaks in the short term.
These measures mainly consist in limiting pollutant emissions through restric-
tions on traffic (automotive, maritime, airport), industrial activities (production
of goods, energy...), or domestic activities (notably heating). Forecasting models
also allow permanent monitoring that can guide public policies in terms of land
use planning to consider the air quality and improve it. New development projects
are being designed to avoid localized concentrations of pollutants. The predictive
models can provide an efficient tool to evaluate various scenarios. The Naive,
ETS, TBATS, and SARIMA models have been evaluated using the above meas-
ures: RMSE, MAE, and RE (Table 6).

Table 6. Summary univariate forecasting models.

Measurements RMSE MAE RE
Naive model 40.44 26.81 19%
Exponential Smoothing 67.80 49.95 36%
TBATS 45.27 24.54 18%
SARIMA 38.04 22.52 16%

In order to evaluate the accuracy, we divided the data into two sets: Training
set and test set. Then the test set has been compared with the predicted set, and
Figure 19 has been obtained.

SARIMA Model

test set
400 | forecast

350 ’
300
250
200 - | / \
150 - f\an /Y
100

50

01—09—2018 15-09—2018 01—10—2018 15—16—2018 01—11'—2018 15-1 1‘—2018 01—12;2018 15—12—2018 01—01;2019
Figure 19. SARIMA model (test set) in Memchiyeh station.

Altogether, the SARIMA model has been shown to be a very appropriate
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model to study the air pollution level and predict air quality. To construct the
SARIMA model, it is necessary to select the hyperparameters for trend and sea-
sonal components of the time series. The identification of hyperparameters can
be done either by selecting the parameters directly or by testing several parame-
ters and then selecting the one with the lowest AIC. Autocorrelation function
(ACF) and partial autocorrelation function (PACF) plots can be analyzed to find
the correlations between the different lag times. An alternative approach for se-
lecting the parameters is to make a loop using and varying p, d, ¢, P, D, and Q
between two numbers to get the hyperparameters that have the lowest AIC. In
this article, we have used the second approach, which turned out to have more
accuracy than the former. Also, the results obtained have been SARIMA (1, 1, 1)
(1, 1, 1), for two sets of data. Finally, the AQI is predicted by using the SARIMA

model, and the results have now been plotted and summarized in Figure 20.

Daily and Monthly Forecasted AQI in Zahle, 2020

. # Daily Mean
: . «w~ Monthly Mean

Figure 20. Daily and Monthly forecasted AQI in Memchiyeh station.

For the forecasted Air Quality Index, the results are shown in Table 7.

Table 7. Data descriptive of forecasted air quality.

Statistics Mean Std Min Q1 Q2 Q3 Max

Value 138.07 44.52 55.79 111 131 154 316

It can also be noted that the average air quality value is 138.07 in Zahleh. The
lowest value of AQI is 55.79 and the highest is 316 respectively. These findings

confirm the earlier ones that Zahleh is affected by air pollution and has serious
problems of health.

8. Conclusion

The time series approach was implemented for the air pollutants in Zahleh. The
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aim was to investigate the correlation between air pollution, pollutants, and certain
meteorological conditions, during a specific period. Then the Air Quality Index
was calculated and a prediction of the air pollutants and AQI was performed by
using the most suitable multivariate time series prediction methods. The find-
ings indicated that the air pollutants frequently exceed the guideline levels, par-
ticularly NO, NO,, and NO,, which reach their maximum at peak periods. Hence,
Zahleh is considered to be a much polluted city and it is generally most highly
polluted during winter when NO, NO,, SO,, and CO concentrations are higher
than during summer. In terms of correlation with the meteorological components,
the Pearson coefficients revealed a strong, moderate, and weak correlation with
atmospheric pollution. The Air Quality Index showed that air quality in Zahleh
is unhealthy, becoming extremely worse during winter. To forecast future air
quality values, numerous univariate forecasts and time series models were tested.
The SARIMA model was shown to have the most accuracy for the data available.
Note that several factors affect air pollution, including human activities, weather,
and topography. Therefore, the predictions can provide some basic information
about the air quality in this region but can be susceptible to some changes. However,
the results showed that there is an urgency to make some decisions concerning the
air quality in this city. To begin the process, the removal of manufacturing and
burning installations from the residential area could reduce pollution levels and

exposure to a highly polluted atmosphere.
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