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Abstract- Prediction of particulate matter (PM10) concentration is useful to assist future planning in the context of 
environmental problems. The aim of this study is to predict hourly PM10 concentration by considering the probability 
distribution, the serial correlation between subsequent observations and the seasonal pattern of the PM10 concentration. We 
propose to analyze the data using the log-normal linear models with potential predictors. In the initial study, three probability 
distributions (Weibull, gamma, and log-normal) were considered to fit the hourly PM10 concentration for two stations of 
Peninsular Malaysia – Seberang Perai and Petaling Jaya from 2008-2009 and 2014-2015. Within the distributions, the log-
normal distribution was found appropriate. Then, the log-normal linear model with sine and cosine terms, and lagged as 
predictors were fitted to the PM10 concentration data. The Likelihood Ratio Test (LRT) and the Akaike Information 
Criterion (AIC) were used to assess model appropriateness. Diagnostic QQ plots indicate that the models fit the data well 
except in the extreme tails. The models were fitted using the first 75% of data and validated using the remainder. 
Using the model, prediction of inadequate hourly PM10 records is possible. 
 

Index Terms- air quality, lagged, log-normal linear model, regression, statistical modelling. 

 
I. INTRODUCTION 
 
Particulate matter (PM10) is among the most harmful 
pollutants to the environment and respiratory system, 
and a lot of research were conducted to develop 
strategies to reduce the emission of the PM10 
concentration. Predicting the PM10 concentration 
will have important application to health [1]-[5], 
water acidity [6], and visibility [3],[7],[8]. However, 
predicting accurately the hourly PM10 concentration 
is not an easy task, and it lies in the statistical model 
that is used.  
 
The studies of PM10 concentration in Malaysia are 
more focusing on determining the distribution that fit 
well the data [9]-[11]. The log-normal distribution 
has been widely used for application in the 
environmental data pollution, since over three 
decades ago, since the papers by Larsen [12]-[14], 
and this may due to its theoretical properties and its 
relationship with the normal distribution [15]. The 
distribution is found suitable for modeling the PM10 
1 R.M. Yunus thanks University of Malaya (Research 
Grant no. RG369-15AFR) for funding this research 
concentration in many current case studies for most 
places worldwide [16]-[18]. The first step to data 
modeling is to determine the distribution of PM10. 
However, such study alone does not help in 
predicting the PM10 concentration at a given hour. 
 
The multiple linear regression models have been 
widely used to model air concentration in many 
studies [19]-[23] for a variety purposes and these 
include for predicting the hourly PM10 concentration. 
The aim of this study is to predict hourly PM10 
concentration levels, which are recorded as time 

series, on the basis of the probability distribution, the 
serial correlation of observations and seasonal pattern 
of the PM10 concentration. The seasonal pattern or 
other cyclical pattern (repeat over time in a cyclic 
manner) of air quality data is evident for many 
studies and the pattern is often modeled using models 
with sine and cosine terms [24]-[26]. The seasonal 
pattern has an impact on the PM10 concentration in 
Malaysia. Based on descriptive statistics and 
graphical plots, the concentration of PM10 in 
Peninsular Malaysia is higher in June - August, as 
compared to November – February [27]-[28]. 
 
As noted by [29], a model should take into account 
on the serial correlation exhibited from air quality 
observations that are close together in time. 
According to [30], air quality values in preceding 
time steps are similar to the initial conditions for the 
air quality prediction in the following time steps, and 
they have often been considered as a predictor. Many 
studies show that including lagged PM10 as a 
predictor improved modeling results [31]. For 
instance, [32] showed that lagged PM10 is more 
important than temporal or meteorological variables 
in predicting the PM10 concentration in urban areas. 
 
In this paper, we fit the log-normal linear model to 
hourly PM10 concentration using the lagged, and the 
sine and cosine terms as potential predictors. The 
models are useful for simulating and predicting future 
events. In this paper, the focus is on the hourly PM10 
concentration from two stations in Peninsular 
Malaysia. First, the properties of the PM10 
concentration were studied to determine an 
appropriate theoretical probability distribution within 
some skewed distributions. Then, considering this 
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distribution, the log-normal models were fitted to the 
data with potential predictors. Various model 
selection criteria are used to obtain the best-fit model. 
This paper is organized as follows. Section 2 
discusses the data used in this study. The log-normal 
linear models which are used to model the data are 
given in Section 3. The models considered for the 
analysis of PM10 concentration data are described in 
Section 4. Section 5 discusses the results of fitting the 
models to PM10 concentration data, and includes the 
diagnostic analysis that evaluates how well the model 
fits the data. Finally, concluding remarks are given in 
Section 6.  
 
II. STUDY AREAS, DATA AND 
PRELIMINARIES 
 
The study considers hourly PM10 concentration data 
(in g/m3 ) from two case study stations in Peninsular 
Malaysia. The station Seberang Perai is located in the 
northern part of the country with geographical 
coordinates of 5° 21’ north latitude and 100° 24’ east 
longitude. Petaling Jaya is located at the west coast 
with geographical coordinates, 3° 06’ north latitude 
and 101° 39‘ east longitude. The studied data series 
(available for the period from Jan 1998 to Dec 1999, 
and from Jan 2014 to Dec 015) were obtained from 
the Department of Environmental Malaysia, and from 
the website of Data Terbuka Malaysia, respectively.  
 
Petaling Jaya is an industrial city with about half a 
million populations and more than 2,780 industrial 
projects. The industries consist of electronic and 
electrical industry, machine manufacturing and 
fabricated metal products, and chemical production 
(Majlis Bandaraya Petaling Jaya 2011). In 2013, total 
population of Seberang Perai, a district of Penang 
state was estimated at about 0.94 million (Kerajaan 
Negeri Pulau Pinang). The district has more than 600 
industrial projects from various sectors such as 
textile, electric and electronic, and manufacturing.  
 
The air quality of both cities has been affected by 
rapid growth of industrial activities and traffic 
densities. Pollutants emitted from these sources into 
the atmosphere led to increasing level of air pollution 
index (API), as measured by PM10 concentration 
level.  
 
Table I shows summary statistics of the PM10 
concentration of the studied stations. On an average, 
hourly PM10 concentration of Petaling Jaya (47 
g/m3) is larger than Seberang Perai (39.87). The 
highest score of PM10 concentration for Petaling 
Jaya and Seberang Perai were recorded as 257 g/m3  
and 197 g/m3, respectively. The stations usually 
receive higher PM10 concentration during the 
northeast monsoon (November –February) and the 
southwest monsoon (June – August), and lower 
PM10 concentration during the inter-monsoon 

(March-May, September – October) (see Fig. 1). 
Exceptionally high PM10 concentration levels were 
recorded from September to October in 2015 for both 
stations.  
 
To determine an appropriate distribution for hourly 
PM10 concentration of the studied stations, this study 
considers three skewed probability distributions – 
Weibull, gamma, and log-normal. The distribution of 
hourly PM10 concentration is skewed to the right 
(Fig. 2). The lognormal and gamma distributions 
seem more appropriate for the hourly PM10 
concentration data, than the Weibull distribution, and 
they fit well to Petaling Jaya station than Seberang 
Perai station.  
 
Table I. Summary statistics of the hourly PM10 concentration 

for Seberang Perai and Petaling Jaya stations. 

 
 
III. THE LOG-NORMAL LINEAR MODEL 
 
The probability density function of the log-normal 
random variable , is given by 

 
 

 

 
Fig. 1. Monthly average of hourly PM10 concentration for 12 

months. 
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Fig. 2. Histogram of hourly PM10 concentration for Seberang 

Perai and Petaling Jaya. Curve lines are the theoretical density 
function from estimated distributional parameters. 

 
IV. MODEL FOR THE HOURLY PM10 DATA 
 
Hourly PM10 concentration shows an annual cycle, 
and thus to adjust for the seasonal variability (see Fig. 
1), sine and cosine terms were included into the 
model. The partial autocorrelation function (PACF) 
of the quantile residuals from this model (Fig. 3), 
with just the sine and cosine terms as predictors, 
shows significant coefficients at lag 24 (hour). For 
this reason, the logarithm of the previous 24th hour 
PM10 concentration is included as one of the 
predictors. Finally, the following fitted models were 
compared: 

 
 

 
 
V. MODEL RESULT 
 
Results of the models fitted to the hourly PM10 
concentration from the studied stations are presented 
in Tables II and III. The cyclical sine and cosine 
terms have significant impact on hourly log PM10. 
The partial autocorrelation function of quantile 
residuals for model with only sine and cosine terms 
indicates significant lag 24 correlation of PM10 
events. Including PM10 of previous day in the model 
significantly reduced the correlation.  

 
Fig. 3. Partial autocorrelation of the quantile residuals from 

model with only sine and cosine terms shows significant 
deviations from zero correlation at lag 1, 25, suggesting the 
same 24 hours pattern. The dashed line represents the 95% 

confidence level. 

 
Table II . The estimated values of the coefficient parameters of 

the predictors in the fitted models for Seberang Perai. 

 
 
Table III. The estimated values of the coefficient parameters of 

the predictors in the fitted models for Petaling Jaya. 
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A. Diagnostic Check 
The QQ plots of the quantile residuals [34] were used 
to examine whether the log-normal linear models 
(preferred) fit the data adequately. Fig. 4 shows that 
all the residuals are located on or close to the straight 
line, suggesting well-fitting models. No large 
deviations were observed, except at the tails of the 
QQ plot for both stations. The diagnostic plots 
suggest that the log-normal distribution fits the hourly 
PM10 concentration reasonably well for all stations. 
 
B. Model Validation 
For validation purpose, the preferred model was fitted 
to the first 75% of the data and the rest was retained 
for validation purposes. Means of hourly PM10 
concentration for different months for observed, 
validated, and simulated data are presented in Fig. 5. 
From the figure, the models fit reasonably well to the 
hourly PM10 concentration of the studied stations. 
However, discrepancies exist for average August – 
November PM10 concentration for both stations, due 
to haze from forest fires burning in neighboring 
regions. Further study may be required to improve the 
models used. 
 
CONCLUSION 
 

The log-normal linear models were proposed to 
model hourly PM10 concentration data with a set of 
predictors. Models were fitted and tested to hourly 
PM10 concentration from two stations from 
Peninsular Malaysia as case studies. Distinct seasonal 
trend on PM10 concentration is observed on all the 
studied stations. Higher concentration is observed 
during the northeast monsoon (November – February) 
and the southwest monsoon (June – August), and 
lower concentration during the inter-monsoon 
(March-May, September – October).  

 
Fig. 4. QQ plots of quantile residuals for Model 2 of studied 

stations. 

 

 
Fig. 5. Observed, validated, and simulated mean hourly PM10 

concentration for various months. 

 
Haze episode from late August to early November in 
2015 is an exception to the usual trend of the PM10 
concentration. The models can be used to generate 
synthetic series of hourly PM10 concentration. In 
addition, based on the log-normal linear models, one-
day lead prediction of mean of hourly PM10 
concentration can be used in environmental and 
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health management, for example, to control the PM10 
emissions from Malaysia industry and traffic. 
Including data from more stations, and adding 
climatologically or meteorological variables in the 
modelling framework may improve the performance 
of the model. 
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