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ABSTRACT 

The higher emission of the air pollutants from motor vehicles in urban areas increases the formation of ozone in 

the atmosphere and give a negative impacts on human health, especially. The multicollinearity becomes a problem as many 

parameters were considered in the development of air pollutant prediction models. The aimed of the study is to develop the 

best O3, t+1 prediction model in Terengganu’s urban areas to help local authorities by providing early information about the 

air quality level. The air pollutants and meteorological data from the year 2010 to 2013 were obtained from the Department 

of Environment, Malaysia. There are three different models were developed based on three different input selection 

method. MLR3 had highest correlation coefficient R
2
, 0.411 compared with MLR1 (0.382) and MLR2 (0.399). Hence, it 

was selected as the best-fitted model to predict the O3 concentration in Terengganu’s urban areas. 

 
Keywords: forecasting, multiple linear regression, ozone, meteorological, ozone precursor, urbanization. 

 

INTRODUCTION 

Urban areas are very scenario with having a high 

density of population, which influenced the higher number 

of motor vehicles used in daily activities. The higher 

number of motor vehicles resulting in higher emission of 

air pollutants which becomes the main concern as it 

influenced the air quality in urban areas (Zhou et al., 2018; 

Cho & Choi, 2014; Bereitschaft & Debbage, 2013). O3 

was categories as six criteria pollutants that give an 

adverse impact to human health such as cardiovascular 

disease, respiratory problem, cancer and even mortality 

that involved infant, children and adulteries (Ghorani-

Azam et al., 2016; Ismail et al., 2015). 

The regression statistical prediction model has 

been widely developed in several countries to predict the 

air pollutant especially on O3 concentration in the different 

background areas (Liu et al., 2019; Capilla, 2016). The 

meteorological parameters and its precursors become the 

main variables in predicting the O3 concentration in the 

ambient air (Lu et al., 2019; Zainordin et al., 2017). 

However, those parameters (independent variables) might 

introduce the multicollinearity problem which can affect 

the accuracy of model prediction result (Alin, 2010). In 

this study, three different multiple linear regression (MLR) 

models were developed based on three different selections 

of input variables to predict the next hour of O3 

concentration in an urban area at Terengganu.MLR1 - 

using all parameters that involve in this study as input, 

MLR2 - based on the correlation analysis, and MLR3 - 

selected the input based on the Principal Component 

Analysis (PCA). The study aimed is to develop the best 

O3, t+1 prediction model to help the local authorities by 

giving the preliminary alert information about the air 

quality level at the certain areas, as to help them to prepare 

the mitigation measure to preserve the better air quality. 

 

MATERIALS AND METHODS 

 

Study Area 

The study area was carried out at Terengganu 

which is located on the east coast of Peninsular Malaysia 

with the total area 13, 035 km
2
 and had the total 

population about 1, 015, 776 in 2010 (Department of 

Statistics, 2010). The air quality monitoring station 

(AQMS) in the Chabang Tiga Primary School, Kuala 

Terengganu (N05˚18.455’; E103˚07.213’) was selected as 

it is near the Kuala Terengganu city centre which 

experienced the high volume of traffic during peak hour. 

Figure-1 shows the selected location of AQMS in an urban 

area at Terengganu. 
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Figure-1. Location of the study area. 

 

Data Acquisition 

This study is based on 4-years data from the year 

2010 until 2013 that acquired from the Air Quality 

Division, Department of Environment (DOE), Ministry of 

Environment and Water, Malaysia. It was arranged and 

tabulated in the Microsoft Excel Spreadsheet ® 2016 and 

analysed using Statistical Packages for Social Sciences 

(SPSS®) version 25. The parameters that involved in this 

study were ground-level ozone (O3, ppm), ozone 

precursors such as nitrogen oxide (NO, ppm), nitrogen 

dioxide (NO2, ppm) and carbon monoxide (CO, ppm), and 

meteorological factors, ambient temperature (T, 
0
C), 

relative humidity (RH, %) and wind speed (WS, km/hr). 

Alam Sekitar Sdn. Bhd (ASMA) was appointed by the 

DOE to monitor, managed, and ensured the quality control 

and assurance of the monitoring data by all the instrument 

were having daily calibration using zero air and standard 

gas concentration (Abdullah et al., 2020; Banan et al., 

2013). All the missing data that occurred due to equipment 

malfunction and calibration were omittedto avoid 

introducing a bias in the data analysis (Kang, 2013). The 

data was divided into 7:3 ratio for model development and 

validation (Abdullah et al., 2018; Roy and Ambure, 2016). 

All the parameters data were normalized by using min-

max technique and range it from 0 to 1 value before it had 

been using in model development as to ensure no bias 

have occurred in the statistical data analysis result 

(Abdullah et al., 2018). The equation 1 is shown the min-

max technique equation from the normalization process. 

 𝑧𝑖 = 
𝑥𝑖−min(𝑥)max(𝑥)−min(𝑥)                                                             (1) 

 

where, 

 𝑥 = (𝑥1 … , 𝑥𝑛) 𝑧𝑖 = Normalized data.  

 

Spearman Correlation 

Spearman correlation is the non-parametric 

statistical method that used to investigate the relationship 

in term of strength and direction between two variables 

(Wang et al., 2019; Borkowf, 2000). The correlation 

coefficient, r had been scaled from -1 to 1 depending on 

how the strength of the relationship between two variables 

(Gingrich, 2004). In this study, the correlation of O3 with 

the temperature, wind speed, relative humidity, NO, NO2, 

and CO was determined and as result, the strong 

correlation parameter with O3 had been selected to use as 

an input in MLR, MLR2 method. 

 

Principal Component Analysis (PCA) and Regression 

(PCR) 

PCA is the method that had been widely used to 

reduce the multicollinearity problem between the 

independent parameters in the regression analysis. The 

parameters were grouped in the principal components 

(PCs) based on the eigenvalues that greater than 1 (Roy 

and Ambure, 2016). Afterwards, those selected PCs will 

be used as MLR input in MLR3 method or also known as 

principal component regression (PCR). The varimax 

rotation had been applied in this study to ensure each 

original variable were maximally correlated in each PCs 

(Awang et al., 2015; Abdul- Wahab et al., 2005). The 

PCA equation is presented in equation 2. 

 PCi = l1iXi + l2i X2+. . . +lniXn                                      (2) 

 

Multiple Linear Regression (MLR) 

MLR was introduced in several years as a simple 

computed and implemented a technique to predict air 

pollution. It could predict the air pollution concentration in 

the next prediction time based on the current air pollutants 

data (Jumin et al., 2020). In this study, stepwise MLR with 

95% confidence interval was applied to predict the next 
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hour of the O3 concentration (dependent variables) based 

on the meteorological factors and its precursors 

(independent variables) (Abdullah et al., 2020;). The 

general MLR equation as illustrated in equation 3. 

 

y = b0 + ∑i
n
=bi Xi + ε                                                        (3) 

 

Where the bi as regression coefficient, which is 

independent variables and the ε is the stochastic error that 
correlates with the regression. The residuals in the MLR 

model were assumed that it’s been having normally 

distributed residual with zero means, uncorrelated and 

constant variance (Abdullah et al., 2018). 

 

RESULT AND DISCUSSIONS 

 

Diurnal trends of O3 concentration, ambient 

temperature and relative humidity 
The diurnal trend of O3 concentration, ambient 

temperature and relative humidity fluctuated in four years 

of data at Terengganu’s urban areas. When the 

temperature is higher and the relative humidity was lower 

especially during the afternoon, the O3 concentration was 

increasing as displayed in Figure-2. The 

O3concentrationwas decreasing start from the evening 

until morning as the temperature is lower and the relative 

humidity were higher. It had been proven that the increase 

of O3 concentration was having a strong connection with 

the meteorological factors (Quansah et al., 2012). Warm 

and humid provides ideal environmental condition to 

promote the more frequent photochemical reaction of O3 

precursor to occur and resulting in higher O3 concentration 

in the atmosphere (Lu et al., 2019; Izzah et al., 2019; 

Chaiyakhan et al., 2017). The summary of the descriptive 

data was tabulated in Table-1. The average daily 

maximum O3 concentration is 0.020ppm (0.00-0.090 ppm) 

which still within the Malaysia New Ambient Air Quality 

Standard. The average daily maximum temperature and 

relative humidity were 27.10ᴼC (20.00-39.30ᴼC) and 

82.53% (36.00-100.00 %), respectively. However, the 

emission of other gaseous pollutants from motor vehicles 

also need to consider as it also a huge contributor to high 

O3 concentration in an urban area at Terengganu (Zhou et 

al., 2018; Bereitschaft & Debbage, 2013). 

 

 
 

Figure-2. Hourly average trend of a) O3 concentration (ppm) b) ambient temperature, ᴼC c) relative humidity. 

 

Table-1. Summary of descriptive analysis of O3 concentration, ambient temperature and relative humidity. 
 

Parameters 
Average 

Time 
Minimum Maximum Mean Median 

Std. 

Dev 
NMAAQS* 

O3, ppm 1h 0.00 0.09 0.02 0.012 0.011 0.20 

Ambient 

Temperature, ᴼC 
1h 20.00 39.30 27.10 26.300 3.160 - 

Relative 

Humidity, % 
1h 36.00 100.00 82.53 86.000 16.812 - 

 

*New Malaysia Ambient Air Quality Standards 

 

a) b) 

c) 
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Model Development 
Three MLR models were established to predict 

the next hour O3, t+1 concentration by using three different 

input variables and each model were namely as MLR1, 

MLR2, and MLR3. The MLR1 was developed based on the 

all variables input that used in this study. The variables 

were consisting of WS, T, RH, NO, NO2 and CO. 

Meanwhile, the output from Spearman correlation and 

PCA analysis were used as input in MLR2 and MLR3, 

respectively. Table-2 shows that WS (r = 0.686), T (r = 

0.750) and CO (r = 0.650) were having strongly positive 

relationship with the increase of O3 while RH (r = -0.767) 

and NO (r = - 0.579) were showed strongly negative 

relationship with the O3 concentration. NO2 was having a 

moderate and positive correlation with the O3 

concentration in the atmosphere. As a result, the strong 

either positive or negative correlation was selected as an 

input in the MLR2. 
 

 

Table-2. Spearman correlation analysis. 
 

 O3 WS T RH NO NO2 CO 

O3 1 0.686** 0.750** -0.767** -0.579** -0.320** 0.650** 
 

** Correlation is significant at the 0.01 level 
 

In MLR3, the data was adequate and it fulfils the 

relevant factor analysis as the requirement for PCA by 

having 0.751 (p > 0.05) and 0.000 (p < 0.001) for the 

Kaiser-Meyer-Olkin (KMO) and Bartlett’s test, 

respectively (Nazif et al., 2018; Awang et al., 2015b). The 

multicollinearity problem can be reduced through PCA by 

generating PCs (Roy and Ambure, 2016). Hence, two PCs 

were generated from six parameters that undergo the PCA. 

The WS had been excluded from the PCA as it has the 

communalities values less than 0.5 for better analysis 

interpretation (Taherdoost et al., 2014). The PCs were 

selected based on the eigenvalues that greater than 1 (Ul-

Saufie et al., 2011). Before rotation and after extraction, 

the percentage variance of PC-1 and PC-2 are having 

values which about79.23% and 57.94% for PC-1, 

respectively. The summary of total variance explained was 

depicted in Table-3 together with the excluded component. 

The PC-1 consists of parameters from meteorological 

factor (RH and T) and O3 itself while PC-2 has come from 

the O3 precursors which were NO, NO2 and CO (Izzah et 

al., 2019; Ul-saufie et al., 2011). The varimax rotated 

component matrix were explained the parameters that had 

been grouped in each PC with the suppressed output 

values less than 0.5 as shown in Table-4. 

 

Table-3. Total variance explained. 
 

 Initial Eigen values 
Extraction sums of squared 

loadings 

Rotation Sums of Squared 

Loadings 

Component Total 
% of 

Variance 

Cumulative 

% 
Total 

% of 

Variance 

Cumulative

 % 
Total 

% of 

Variance 

Cumulative

 % 

1 3.48 57.94 57.94 3.48 57.94 57.94 2.65 44.12 44.12 

2 1.28 21.28 79.22 1.28 21.28 21.28 2.11 35.10 79.12 

3 0.65 10.79 90.01       

4 0.27 4.54 94.55       

5 0.23 3.84 98.39       

6 0.10 1.61 100.00       

7 0.32 4.01 97.62       

8 0.19 2.38 100.00       

 

Table-4. Varimax rotated component matrix. 
 

Component 

 1 2 

T 0.939  

RH -0.936  

O3 0.846  

NO  0.7280 

NO2  0.838 

CO  0.855 

 

In this study, the models were established by 

assuming that they do not have any first-order 

autocorrelation and multicollinearity problem based on 

Durbin - Watson (D-W) values is within 2 and Variance 

Inflation Factor (VIF)within 10 (Ul-Saufie et al., 2011). 

The D-W in this study were MLR1(1.440), MLR2(0.510) 

and MLR3(0.734). Meanwhile, for VIF range value the 

MLR1, MLR2 and MLR3 were obtained 1.728-6.037, 

1.295-5.502, and 1.000, respectively. MLR1 was obtained 

the highest coefficient determination (R2), 0.799 

compared to model MLR2 (0.552) and MLR3 (0.667). 
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All the models were summarized in Table-5. The 

influence variables in MLR1 were consist of T, RH, NO, 

CO2, NO2 and O3. The O3, t+1 concentration was increasing 

about 0.829, 0.140, 0.265 and 0.039 units when the one 

unit of O3, T, NO, RH were increased. However, it was 

decreased about 0.020 and 0.094 units as the one unit of 

CO and NO2 decreased. MLR2, the O3, t+1 concentration 

was increasing 0.318 and decreasing about 0.259 and 

0.147 units when the one unit of T was increasing, and one 

unit of CO and RH were decreasing. However, MLR3 was 

contained only two PCs which grouped based on the 

meteorological factors and O3 precursor. The O3, t+1 

concentration was increased and decrease about 0.102 and 

0.033 when the increase and decrease of one unit in PC1 

and PC2, respectively. Overall, these three models were 

showed that the temperature, relative humidity and the CO 

were played an important role in increasing the O3 in the 

atmosphere (Liu et al., 2019). Therefore, CO generated 

through the incomplete combustion process in the motor 

vehicle. It’s one of the O3 precursors which produce O3 

concentration through the photochemical process (Teixeira 

et al., 2009). 

 

Table-5. The summary of the three different MLR models. 
 

Method Model Remarks 

MLR1 
O3, t+1 = 0.829 O3 + 0.140 T + 0.165 NO + 0.039 

RH - 0.020 CO - 0.094 NO2 - 0.040 
 

MLR2 O3, t+1 = 0.195 + 0.318 T - 0.159 CO - 0.147 RH  

MLR3 O3, t+1 = 0.173 + 0.102 PC1 - 0.033 PC2 

PC1 = 0.939 T – 0.936 RH + 0.846 O3 

PC2 = 0.728 NO + 0.838 NO2 + 0.855 

CO 

 

The predicted against observed O3 concentration 

graph was plotted for all models as illustrated in Figure-3. 

All the models were normally distributed. However, the R
2
 

has influenced the direction of the residuals which it has 

negatively skewed. Figure-4 were plotted between the 

fitted values against the prediction values of O3, t+1 

model’s residual for all models. It showed the residuals 

were uncorrelated as it's accumulated around the 

horizontal band with the constant variance with mean 

equal to zero. 

 

  

 

 

 

Figure-3. Standardized residual analysis of MLR1, MLR2, and MLR3 model. 

 

MLR1 MLR2 

MLR3 
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Figure-4. Assumptionof variance and uncorrelated residuals of MLR1, MLR2, and MLR3 model. 

 

Model Validation 

Thirty percent of the data set was for model’s 

validation. As a result, MLR3 was having the highest 

correlation coefficient, R
2
 (0.411) compare to MLR1 

(0.382) and MLR2 (0.399). Hence, the MLR3 was selected 

as the goodness-fit model to predict the O3, t+1 

concentration in an urban area at Terengganu. The graph 

predicted O3 concentration, ppm versus observed O3 

concentration; ppm was plotted in Figure-5. Therefore, 

most of the points were accumulated within a 95% 

confidence interval. The upper and lower lines of 95% 

confidence interval limit were drawn as line A and line C. 

 

 
 

Figure-5. The predicted O3 concentration (ppm) against observed O3 concentration (ppm) in 

Terengganu’s urban area. 

MLR1 MLR2 

MLR3 

MLR1 
MLR2 

MLR3 
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CONCLUSIONS 
As a conclusion, the diurnal trend of O3, 

temperature and relative humidity fluctuated, and it’s were 

correlated among each other. MLR3 was selected as the 

best prediction models to predict the O3 concentration in 

Terengganu’s urban area by having the highest correlation 

coefficient, R
2
 (0.411) compared to the other two models. 
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