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Abstract

Ozone (03) is a secondary pollutant that releases to the atmosphere through
industrial and motor vehicles emission which give an adverse impact, especially
on human health. The meteorological factor especially weather condition has
influenced the production of Oz concentration in the atmosphere. This study aims
to develop Os forecasting model during different monsoon seasons. The data
from the year 2012 until 2014 were acquired including Ogz, nitrogen oxide (NO),
nitrogen dioxide (NO2), carbon monoxide (CO), sulphur dioxide (SO2), wind
speed (WS), ambient temperature (T) and relative humidity (RH) on an hourly
basis. The Multiple Linear Regression (MLR) models were developed for the
prediction of up to 3 hours in advance. Southwest Monsoon (SWM) was having
a higher Os concentration with a mean value of 0.024 ppm while Inter Monsoon
2 (IM2) was having the lowest concentration of Os, 0.019 ppm. The best fits MLR
models for each monsoon were O3 t+1as compared to Os 2 and Ost+3. The better
interpretation and prediction of Osbehaviour during monsoon conditions can help
the responsible parties to plan early mitigation measures to address the air
pollution problem.
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1. Introduction

Compact urbanization and high-density of the population are demanding for better
air quality because it generates a lot of air pollutants that threaten human health and
our environment especially in a developing country like Malaysia [1, 2]. The
emission of O; came through anthropogenic and biogenic emissions [3]. The
emissions from anthropogenic and human activities such as motor vehicles,
industrial combustion and agriculture sector caused a rise in air pollutants
production that pollutes the air [4-6].

Ozone (Os) is a predominant air pollutant and is known as greenhouse gases. It
was known as a secondary pollutant that colourless and reactive oxidant gas in
properties. It formed through the photo-chemical reaction which involves active
primary pollutants [7, 8]. The concentration of Oz in the troposphere and
stratosphere layer was influenced by how it transports and disperses in the air with
three pathways which are through natural emission, chemistry pathway and
transportation pathway [9]. The rise of Oz concentration was emitted through
natural emission of O3 from climate - sensitive such as lightning, biosphere and
regional weather shifts and it also plays a part in the chemical pathway that
influences the weather parameters [10, 11]. Weather conditions might influence the
variation of O3 concentrations in Malaysia via several monsoons’ seasons such as
the Southwest Monsoon, Northeast Monsoon and two transition periods (inter-
monsoon) [12, 13]. The changes of O3 concentrations during this time might give
an adverse impact on human health, including mortality, morbidity, cardiovascular
system problem, lung cancer and premature death due to Oz exposure [14, 15].
Furthermore, the uncontrolled O3 emission can cause global warming to our earth
and affecting the crop production [16-18].

Meteorological factors played an important role in the variation of ozone
concentrations. Ozone concentrations are low during low temperature since low
temperature prohibit convective dispersal of ozone precursors [19]. Ozone has
negative relationship with relative humidity. The diurnal pattern of relative
humidity indicates high levels at midnight and in the early morning, gradually
falling after sunrise contrary to the diurnal pattern of Os; [20]. Wind allows the
dispersal of the trace pollutant species along horizontal and vertical levels by
promoting the mixing and transport across/ in-between the boundary layer and the
upper free atmosphere. High wind speeds during the afternoon are accompanied by
higher O3 mixing ratios and low wind speeds during early morning and late night
contribute to the Os sinking process [20]. The higher emissions of biogenic NOx
and VOCs may be the main drivers of the growing ozone pollution under the high
air temperature [21]. High CO concentrations can significantly change the
oxidation capacity of the atmosphere [22].

Studies have explained the use of MLR models in air quality as a tool for
forecasting. MLR is used in forecasting air quality in Malaysia which it can be able to
forecast with 70% accuracy [12]. Other study shows that, the air quality was forecasted
with the accuracy of 78-93% in Macao using MLR, which one of the pollutants
forecasted was Os [23]. Combination of temporal (using MLR) and spatial analysis for
ozone forecasting was applied with the help of several inputs including, temperature,
solar radiation, wind speed, and previous ozone values executed reliable results [24].
MLR is also used in predicting Oz concentrations at urban traffic and background
station in Oporto, Portugal based on linear and additive associations of the explanatory
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variables [25]. An application of MLR model shows that it worked better at suburban
and rural sites than at urban sites in Hong Kong [26]. The methodologies of this model
describe the relationship of dependence variable with several independent variables by
a simple computation and easy to implement [12, 27].

This paper intended to investigate the trend and predict the O3 concentration in an
industrial area in Kemaman, Malaysia. The relationship of Oz between meteorological
factors and its precursors which contribute to the rise of Oz emission in the air was also
investigated. The findings will help the authority foresee the future of ozone trends in
providing the mitigation and precaution plans for air quality improvement in line to
achieve a green city aim that establishes under sustainable goals.

2.Materials and Methods
2.1. Site case study

Kemaman is one of the industrial parks at Terengganu that involved heavy industries
activities such as oil, petrochemical, and steel production, having an area of 2,535.60
km? with the overall population of 201,100 people [28]. The Malaysian Department
of Environment (DOE) has installed the Air Quality Monitoring Station (AQMS) at
Bukit Kuang, Teluk Kalong Primary School, Kemaman (N04° 16.260°; E103°
25.826”) which is near the city center and industrial area (Fig. 1). The meteorological
condition plays a significant role in determining the fate of O3 because of the location
is experiencing four monsoon seasons; North-East Monsoon (NEM) in November
until March, Inter Monsoon 1 (IM1) in April, South-West Monsoon (SWM) in June
to September and Inter Monsoon 2 (IM2) in October [29].
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Fig. 1. Area of the study.

2.2. Monitoring data

Three years of data (2012-2014) were acquired from the Malaysian Department of
Environment (DOE), were then arranged, and tabulated using Microsoft Excel
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2016. Parameters taken into consideration for the forecasting model are ground-
level ozone (Os, ppm), nitrogen oxide (NO, ppm), nitrogen dioxide (NO», ppm),
carbon monoxide (CO, ppm), sulphur dioxide (SO2), wind speed (WS, km/hr),
ambient temperature (T, °C) and relative humidity (RH, %). Alam Sekitar Malaysia
Sdn. Bhd. is the responsible company for installing, monitoring and operating the
air quality under the Malaysian Continuous Air Quality Monitoring (CAQM)
program [12] and the instrumentations for MCAQM are specified as in Table 1.

Table 1. Instrumentations for MCAQM [30, 31].

Pollutant Instrument
Teledyne API Model 400/400E through UV absorption
Os (ppm) (Beer- Lambert) method with a 0.4ppb detection limit

and 0.5% of precision level.

Model 200A NO/NO2/NOx analyser which applies
chemiluminescence detection principles.

Teledyne API Model 100A/100E using UV fluorescence

NO and NO:z (ppm)

SOz (ppm) method, lowest detection level of was at 0.04 ppb.
Teledyne API Model 300/300E using the non-dispersive

CO (ppm) and infrared absorption (Beer Lambert) method with
0.5% precision and 0.04 ppm of the lowest detection.

Ambient temperature (T, °C) Met One 062 sensor.

Relative humidity (RH, %) Met One 083D sensor.

Wind speed (WS, km/hr) Met One 010C sensor.

The quality assurance and quality control of all instruments were programmed
to have daily calibration using zero air and standard gas concentration for the
monitoring data and the validation of hourly data was checked before it can be
transferred to DOE [32]. The missing data due to calibration and the technical
problem was deleted to produce an unbiased prediction and conservative results
[33]. The data were analysed by box-and-whisker plot analysis to determine the
trend and the non-parametric technique was performed by Spearman correlation
analysis to investigate the relationship between the parameters [34].

2.3. Multiple Linear Regression

The statistical model named the MLR is used in this paper which relate a dependent
variable with several independent variables. Stepwise MLR model has been
developed in this paper, look at 95% of the confidence interval and the data set is
divided respecting to 7:3 ratio for model development and validation [35, 36] by using
the Statistical Package for Social Sciences (SPSS®) version 25. The MLR model’s
residuals were anticipated normal distribution with having 0 suggest, uncorrelated
and consistent variance. The equation of the MLR model is as stated in Eq. (1).

y=bho+ Yi"zbi Xi + ¢ @
where bjis the regression coefficient (independent variables), € is the stochastic
error associated with the regression.

The independent and dependent variable of the data set needs to normalize
before undergoing the analysis to avoid bias due to different units of variables. The
normalized data executed with data values from a 0 to 1 scale. The normalization
of data is obtained by the Eq. (2) [12].

x;—min(x
g, = —FiminG®)

@

max(x)—min(x)
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where x = (x; ... x,,) and z; is normalized data.

VIF is the multi - collinearity assumption together with regression output, where
the average of VIF values need below 10 which indicates no multicollinearity
problem between the independent variables [37]. The VIF equation as in Eq. (3).

1

VIF = m (3)

where VIF; is the variance inflation factor with ith predictor, R? is the
determination in a regression of the it4 predictor on all other predictors.

Durbin - Watson test is used to determine the autocorrelation ability of Os
concentration during the current hour to predict the O3 in the next hour which the
best is in the range of zero and four [37]. The equation of DW as in Eq. (4).

Z?:l(ei—ei—ﬂz
Z?=1 e’

where n is the number of observations, e: = yi - y: (y: = observed values and y: is
the predicted values).

d= (@)

Correlation Coefficient (R?) is an indicator in determining the accuracy of the model
for the prediction of Oz concentrations. It also acts as an indicator to measure how good
the prediction models fit the data [37]. The RZequation is given as in Eq. (5).

n ._ P )
RZ - (21::1(;)1 P);Oz 0) 2 (5)
pred-obs

where n = total number measurements at a particular site P, = predicted values, O; =
observed values, P = mean of predicted values, 0= mean of observed values, Sprea =
standard deviation of predicted values and S, = standard deviation of the observed values.

3. Results and Discussion

The Oz concentrations during the monsoon seasons were illustrated in Fig. 2 and
Table 2. It is observed that SWM having the highest outlier (0.098 ppm) of O3
concentration followed by IM1 (0.083 ppm) and NEM (0.075 ppm), meanwhile,
IM2 having the lowest value of O3 concentrations. The NEM and IM2 were having
the same interquartile range value of 0.020 ppm. The descriptive statistics summary
for 3-years data from 15t January 2012 until 31 December 2014 of Oz concentration
is shown in Table 1. The NEM and IM2 were having the same minimum value
(0.001 ppm) while SWM and IM1 were having zero minimum value. The minimum
and maximum values in this study were acceptable reading which proven by the
previous study in Malaysia that having Oz concentration from 0.001ppm until 0.174
ppm [38]. The highest mean value is 0.024 ppm (0.000-0.098 ppm) during SWM,
while the lowest mean reading is 0.019 ppm (0.001- 0.072) ppm in IM2.
Meanwhile, the standard deviation of SWM (0.017) is the highest compared to
other monsoon seasons while the lowest standard deviation is during NEM (0.012).
The SWM and NEM were having the highest median value (0.020 ppm) as
compared to IM1 (0.017 ppm) and IM2 (0.015 ppm). The highest value of skewness
is during IM2 (0.974) followed by IM1 (0.847), SWM (0.667) and NEM (0.573).
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The Malaysia’s New Ambient Air Quality Standard (NAAQS) under
Department of Environment Malaysia has set a maximum limit for Oz concentration
of 0.12 ppm for 24-hour average, and the O3 concentrations in this study were found
below the standard [39, 40]. The emission of gases such as carbon monoxide, VOCs
and hydrocarbon through the combustion process especially from industrial and
motor vehicles were the main contributor to the rise of Oz concentration in the
atmosphere [41-43]. The meteorological factors influencing the increase of Os
concentration especially during SWM (having highest outlier) which introduces the
dry and warmer conditions that increase the ambient temperature and solar
radiation, thus promote photochemical reaction to occur [44]. Oz decreases during
the IM2 as the wet season is about to occur and the maintained during the NEM
(wet season). The extreme O3z concentration is about to occur during the 1M1 as the
interchange of monsoon from wet to dry which induces high temperature.
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Fig. 2. The box plots analysis for Ozone (O3) concentration.

Table 2. Summary of descriptive statistics for Oz concentration.

Descriptive Statistics NEM M1 SWM IM2
(N=4847) (N=1700) (N=5555) (N=576)
Mean (ppm) 0.020 0.021 0.024 0.019
Median (ppm) 0.020 0.017 0.020 0.015
Maximum (ppm) 0.075 0.083 0.098 0.072
Minimum (ppm) 0.001 0 0 0.001
Std Dev (ppm) 0.012 0.015 0.017 0.014
Skewness 0.573 0.848 0.667 0.974
Interquartile range (ppm) 0.020 0.022 0.027 0.020

The Spearman bivariate correlation analysis between Oz with meteorological
factors and O3 precursors was tabulated in Table 3. The WS (r =0.784, p<0.01), T
(r=0.713, p < 0.01) and RH (r = -0.707, p <0.01) show a strong correlation with
O3 which WS and T were positively correlated to O3 concentration, while the RH
was negatively correlated. The higher wind speed triggers the dispersion and
mixing of the atmospheric pollutant that optimized the production of O3 by its
precursor [45]. Moreover, increasing the degree Celsius of temperature will provide
a lower percentage of humidity and higher solar radiation which is an optimum
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condition of the photochemical process to occur and increase the Oz concentration
in the atmosphere [12]. Meanwhile, the Oz precursor such as SO2, NO, NO and CO
show weak and positively correlated (r = 0.289, p < 0.01), (r = 0.210, p < 0.01), (r
= 0.156, p < 0.01) and (r = 0.055, p < 0.01), respectively. SOz, NO,, NO and CO
or known as ozone precursors commonly generates through the emission of the
vehicle and industries [12, 46]. These Os precursors were generated the ozone
concentration through photolysis and oxidation process with the presence of
oxidant radicals compounds such as hydroperoxyl radical (HO,), organic peroxyl
radicals (RO;) and solar radiation that can chemically be converting the Os
precursor to Os in the atmosphere [47].

Table 3. Spearman Correlation of ozone between
meteorological factors and its precursors.

Os WS T RH NO SO; NO: CcO

Os
WS

RH
NO
SO»
NO:2
CO

1 0.784** 0.713** -0.707** 0.156** 0.289** 0.210**  0.055**
1 0.669** -0.666** 0.282** 0.233** 0.097**  -0.047**
1 -0.804**  0.321** 0.362** 0.330**  0.105**
1 -0.231**  -0.348**  -0.210**  0.064**
1 0.248** 0.421**  0.332**
1 0.305**  0.201**
1 0.483**
1

Note: ** Correlation is significant at the 0.01 level (2-tailed)

MLR is adopted in this study to analyse and predict the Os concentration with
the independent variables of O3 precursor and meteorological parameters (Table 4).
The models were developed for predicting the next hour of Os+1 concentration up
to Os w3 concentration, as to discern the range of significant leads for four monsoon
seasons. NEM, IM1, SWM and IM2 models show that Oz having a higher
coefficient of determination of 0.829, 0.790, 0.810 and 0.778, respectively as
compared to model Os 1+ and Os+3 for each monsoon as tabulated in Table 4. The
lowest R? for the monsoon seasons was the model Oz 3 Which R? value is 0.452
(NEM), 0.285 (IM1), 0.343 (SWM) and 0.325 (IM2). It shows that the capability
of the MLR model in predicting the ozone concentration is higher for the next hour
and reduced for the next two hours. The capability of the MLR models for
predicting ozone concentration is also varied between the seasons, thus having
different MLR models for different seasons is important as each seasons have
different underlying characteristics. The value of R? has influenced the normal
distribution of residual and it negatively skewed, as illustrated in Fig. 3. The lower
R? values were affecting the normal distribution as the extent of next hour O3
prediction and it applicable for model O3+2 and Oz 3 in each monsoon.

Based on the previous study in Turkey, the MLR models were performed for
annual and seasonal periods to comprehend the variation of Oz concentration which
having R? of 0.90, 0.85 and 0.92 for an annual period, cooling season and warming
season, respectively [48]. The study on the development of MLR model to
determine Oz concentration variation during the daytime, nighttime and critical
conversion point (CCP) time at urban areas were conducted at Shah Alam,
Malaysia which having R? values 0.786 (daytime), 0.531(nighttime) and 0.758
(CCP time) [30]. Based on the study in Hong Kong, having four different season
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which is summer, monsoon, post-monsoon and winter which influence the
variation of Oz concentration [49]. The MLR model was developed at two different
stations, Sham Shui Po and Tap Mun which having the same seasonal condition
with the range of R? between 0.54 to 0.59 for Sham Shui Po, while the range for R?
in Tap Mun is 0.54 to 0.64 [49]. Therefore, R? value for Os, 1+1and Og, +2 models in
each monsoons season are having an acceptable range based on R? value based on
the previous studies as tabulated in Table 5.

The range of Variance Inflation Factor (VIF) for three models is 1.170 -1.991
(NEM), 1.241- 3.466 (IM1), 1.211 - 4.497 (SWM) and 1.036 -2.300 (IM2). No multi-
collinearity problem among independent variables for all models as the VIF values
are less than 10. The Durbin-Watson showed that the various values for all models
are 0.447-1.578 throughout all monsoon seasons. It turned into showed that the
version does no longer have any first-order autocorrelation problem in which the
range values are within 2 [12]. Hence, based on all models in all monsoon seasons,
the best fits model for each monsoon is O3, +1 model which contains the higher value
of R?, no multi-collinearity and no first-order autocorrelation problem [50].

Table 4. Summary models for Oz concentration
forecasting on different monsoon seasons.

2 Durbin-
Monsoon Model R Range of VIF Watson
NEM O3, t+1=0.023 + 0.889 O3+ 0.204 NO 0.829 1.170 - 1.956 1.578
-0.052 NO2- 0.054 WS -0.019 T
O3, t+2=0.061 + 0.788 O3+ 0.345 NO 0.625 1.180 - 1.991 0.773
-0.146 NO2- 0.61 T + 0.058 WS +
0.053 CO
O3,t+3=0.111+0.703 03- 0.117 T - 0.452 1.180 - 1.991 0.512
0.234 NO2 + 0.391 NO + 0.094 CO +
0.034 WS
IM1 O3,t+1=0.125+0.782 O3 - 0.091 H + 0.790 1.241- 3.443 1.338
0.187 NO - 0.139 NO2
O3, t+2=0.207 + 0.565 O3 - 0.117 H + 0.511 1.242 - 3.443 0.668
0.355 NO - 0.265 NO2
O3, t+3=0.227 + 0.382 O3 - 0.094 H + 0.285 1.334 - 3.466 0.447
0.434 NO - 0.408 NO2+ 0.163 CO
SWM O3,t+1=0.724 03+ 0.239 T + 0.206 0.810 1.322- 4.420 1.353
NO - 0.119 NO2 - 0.025 WS + 0.054
CO-0.035
Os,t+2=0.466 O3 + 0.365 T + 0.384 0.561 1.322 - 4.419 0.661
NO - 0.247 NO2 - 0.047 WS + 0.174
CO-0.026
O3,t+3=0.019 + 0.376 T + 0.525 NO 0.343 1.211 - 4.497 0.452
- 0.362 NO2 + 0.258 O3 + 0.294 CO -
0.061 WS +0.116 SO
1IM2 O3,t+1=0.183 +0.702 O3 - 0.155 H + 0.778 1.036 - 2.620 1.429
0.197 NO
O3,t+2=0.327 - 0.253 H + 0.398 O3 + 0.517 1.036 - 2.619 0.699
0.354 NO
O3,t+43=0.389 - 2.74 H + 0.531 CO - 0.325 1.855 - 2.300 0.493

0.257 NO2 + 0.158 WS
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Table 5. Comparison R? of ozone’s MLR models with similar studies.

Source Country  Pollutant R?
Ozbay et al. [48] Turkey Os 0.85-0.920
Awang et al. [38] Malaysia O3 0.531-0.786

Tong et al. [41] Hong Kong Os 0.540 - 0.640

During the NEM, the significant predictor for Oz is 0zone (Os), nitrogen oxide
(NO), nitrogen dioxide (NO-), wind speed (WS) and temperature (T). The prediction
of Os w1 concentration was increased by 0.889 unit when O3 variable goes up by one
unit, 0.204 unit increasing one unit of NO, 0.054 unit for the decrease in one unit of
WS and 0.019 unit decreasing in one-unit T. Meanwhile, there are four predictors that
influence the Ogs+1 concentration during Inter monsoon 1. The Ost1 concentration
increased by 0.782 unit of one-unit Os, decreased 0.091 unit by one unit of H,
increased 0.187 unit when NO goes up by one unit and decreasing 0.139 unit as one
unit of NO,. The Oz concentration was increasing 0.724 units, 0.239 units, 0.206
unitand 0.054 unit for one unit of O3, T, NO, and CO. Meanwhile, O3 1 concentration
was decreasing 0.119 units and 0.025 units of one-unit NO, and WS respectively.
Hence, the O3, T, NO, CO, NO,, and WS were identified as significant predictors
during Southwest monsoon. During Inter monsoon 2, three significant predictors
influence Os+1 concentration. The increasing one unit of Oz and NO will increase
0.702 and 0.197 units of Ost1. The decreasing of one unit of H was decline 0.155
units of Oz concentration. Based on this study, it shows that different ozone
precursors and meteorological factors were influencing Oz +1 concentration according
to monsoon seasons condition. Oz and NO concentration having a positive influence
on Oswa in each monsoon. In contrast, temperature and CO showed a positive
relationship with Os .1 concentration during SWM. The NO, concentration showed a
negative influence during NEM, IM1 and SWM. Meanwhile, the WS give negative
influence during NEM and SWM. The temperature is negatively influencing the Oz 1
concentration during NEM. Whilst, the humidity was found a negative relationship
on Ogz+1 concentration during IM1 and 1IM2.

Overall, during Southwest monsoon, the temperature has a positive influence on
Os+1 concentration as it introduces dry conditions which less total amount of rainfall
and wet days. This dry condition promotes optimum condition for the photochemical
reaction of 0zone and ozone precursor to occurs which will raise the concentration of
Os in the atmosphere [51]. The emission of NO through diesel vehicles contributes to
high O3 concentration because of the reaction of NO with oxidation hydrocarbon to
form NO: which allowing higher ozone production. These NO predictors showed
positive influences during all monsoons [52, 53]. CO is one of the combustion
products from motor vehicles and industry. It was showing positive influence during
SWM which involves formation and destruction reaction of Oz by CO converting OH
into the hydroperoxyl radical (HO2) through the photolysis process [52].

Figure 3 shows the residual of predicted Os for all monsoon seasons, and it
showed that the residuals were normally distributed. The plotted of fitted values
with the predicted Oz model’s residuals were showed that the residuals are
uncorrelated due to the residuals accumulated around the horizontal band and the
variance is constant as presented in Fig. 4. Unfortunately, the residual started away
from the horizontal band as the t increased to a second hour and third hour in each
monsoon season. This condition will disturb the best fit of the models, which gives
less precise O3 concentration prediction.
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Fig. 4. Testing assumption of variance and
uncorrelated with mean equal to zero

The predicted and observed data for the MLR model is depicted in Fig. 5. The
MLR model of Oz is the most acceptable prediction model as compared to model
Ost2 and Ogsgz in each monsoon. Most of the points in models Oz for each
monsoon were accumulated within a 95% confidence interval line and having
higher values of R? linear as compared to models Os 1+2 and Og, +3. The accuracy of
models Oz and Oz in each monsoon become over predicted as more points
disperse away from the confidence interval line and the increase of prediction hour
will increase the root mean square error, mean absolute error and decrease the R?
values which affect the performance of the models [54, 55]. Lines A and C were
drawn as an upper and lower of the 95% confidence limit for MLR models. The
range of R? linear is between 0.181 - 0.843.
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Fig. 5. Scatter plot of predicted Os concentration (ppm)
|against observed Os concentration (ppm).

4. Conclusions

In conclusion, among the four monsoon seasons, we found that the concentration of
O3 during SWM is higher (mean = 0.024 ppm) and the lowest concentration of O3
during IM2 (mean = 0.019 ppm). The SWM has the higher concentration of O
because of the warm and dry condition that promotes a photochemical reaction to
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occur. The relationship between ozone, ozone precursors and meteorological
parameters was conducted via correlation analysis. Spearman correlation analysis
shows that the wind speed (WS) and ambient temperature (T) having strong
positively correlation (r = 0.784, p < 0.01) and (r = 0.713, p < 0.01), respectively
while relative humidity (RH) was vice-versa (r = 0.707, p < 0.01) to O3 concentration.
The SO, (r = 0.289, p < 0.01), NO (r = 0.210, p < 0.01), NO (r = 0.156, p < 0.01)
and CO (r = 0.055, p < 0.01) were weakly and positively correlated with the rise of
O3 concentration. Models were developed and validated for next one to three hours
for ozone concentration forecasting using stepwise MLR. The best fitted MLR model
for Oz prediction during the monsoon seasons is Oz 1 model, compared to Os+2 and
Os,+3 models which it showed higher R? values 0.829 (NEM), 0.790 (IM1), 0.810
(SWM) and 0.778 (IM2). The validation of best MLR models in each monsoon’s
seasons were having R? values of 0.811(Os1; NEM), 0.754 (Ozpa; IM2), 0.775
(O3+1; SWM) and 0.707 (Oz+1; IM2). The development of this model is to help the
responsible bodies especially the authorities and policy makers to plan the mitigation
measure for public health to improve the air quality for future projection.
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Nomenclatures

R? Correlation coefficient

Oz 1 Next hour of predicted ozone

Oz 2 Next two hours of predicted ozone
Os+3 Next three hours of predicted zone
Greek Symbols

£ Stochastic Error

Abbreviations

AQMS  Air Quality Monitoring Station
ASMA  Alam Sekitar Malaysia
CAQM  Continuous Air Quality Monitoring

CCP Critical conversion point
Co Carbon monoxide

CO; Carbon dioxide

DOE Department of Environment
DW Durbin Watson

HO; Hydroperoxyl radical

IM1 Inter monsoon one

IM2 Inter monsoon two

MLR Multiple linear regression

MMD Malaysian Meteorological Department
NAAQS New ambient air quality standard
NEM Northeast monsoon
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NEM North east monsoon
NO Nitrogen oxide
NO; Nitrogen dioxide
Os Ozone
RO, Organic peroxyl radicals
SO, Sulphur dioxide
SPSS Statistical Package for Social Science
SWM South west monsoon
T Temperature
VIF Variance of inflation factor
WS Wind speed
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