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Air pollution monitoring especially PM10 pollutant is very important since the air pollutant data originated 
from the continuous ambient air quality stations (CAAQS) usually had missing data due to the machine 
failure, routine maintenance and human error. In view of this fact, a study of PM10 imputation method 
was performed with the objective to determine the coefficient of determination (R2) and root mean 
square error (RMSE) in order to portray the goodness of fit for all of the imputation methods used (mean 
substitution, nearest neighbour and expectation maximization based algorithm (EMB)). The results of R2 
obtained for 5%, 10%, 15%, 25% and 40% proportion of missing data using nearest neighbor imputation 
methods are 0.9318, 0.8126, 0.6546, 0.5458 and 0.3946, while RMSE are 7.47, 12.27, 16.68, 19.13 and 
21.76, respectively. Meanwhile, results of R2 obtained for 5%, 10%, 15%, 25% and 40% proportion of 
missing data using mean imputation methods are 0.9274, 0.8117, 0.6484, 0.5400 and 0.3910, while 
RMSE are 7.47, 12.36, 16.90, 19.13 and 22.07, respectively. In the meantime, the results of R2 for EMB 
imputation method applied at 5%, 10%, 15%, 25% and 40% proportion of missing data are 0.9084, 
0.8468, 0.7530, 0.5791 and 0.5004, while RMSE are 8.58, 11.18, 14.20, 18.53 and 20.48, respectively. 
A measure of performances (R2 and RMSE) for each imputation methods decreased and increase 
respectively as the percentages of simulated missing data increases. 
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INTRODUCTION 
Air pollution happened due to the harmful 
elements present in the atmosphere. Besides can 
cause land and water body's destruction, 
variations in its natural composition would be 
unsafe to human, animals and plants (Razak et 
al., 2014). In the Southeast Asia Region, 
Particulate Matter (PM10) was verified as the most 
dominant pollutant (Zakaria & Noor, 2018). This 
supported by the study done by Azid et al., (2017) 
had discovered that PM10 is the highest pollutant 
influence the Air Pollution Index (API). Besides, it 
is one of the main pollutants monitored in 
Malaysia’s air which are deliberated to have 
significant impacts on human and the environment 

(Rani et al., 2018). 
Additionally, the concentration of PM10 

increased during the Southwest monsoon (dry 
season) that usually occurred from May to 
September owing to the air pollutant transport 
mainly from regional biomass burning periods 
from the neighbouring countries (Abdullah et al., 
2011; Noor et al., 2015; Rahman et al., 2015). 
Besides, Malaysia also contributes to the large 
concentration of PM10 since the main contributor 
of PM10 in Malaysia consist of emission from the 
vehicles, power stations and industrial sectors 
which contributed about 76 percent, 15 percent 
and 4 percent of PM10 emissions in Malaysia, 
respectively (Zakaria & Noor, 2018).  
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Haze generated from the uncontrolled forest 
fire also give impact to the environment whereby 
this air pollution give the worst haze episode from 
July to October 2007 at most parts of Malaysia, 
Indonesia, southern Thailand, Singapore, 
southern Philippines and Brunei. This incident 
reduces the visibility owing to the scattering of 
particles. Areas affected by the haze experience 
much warmer situation since there was less 
rainfall recorded during the haze event (Arif et al., 
2013). 

The high amount of toxic smoke was 
produced during the haze episodes. This indirectly 
affects the wildlife by changing their surroundings. 
The study was done by Erb et al. (2018) shows 
that ecological activity of orangutans in the 
Central Kalimantan becomes decrease during the 
haze episodes where their rest time become 
increasing during and after the smoke period, 
while their distance and travel time become 
decrease and increased catabolism of fat after 
smoke. Results sign that the smoke of wildfires 
adversely affects the state of orangutan which 
most likely related to immune response. The 
largest population of orangutans populates the 
Central Kalimantan peat swamp forests. Thus, 
burning more than 20 000 km2 of the forest, killing 
hundreds of orangutan in 2015 alone (Ancrenaz et 
al., 2018). 

Thus, it is vital to monitor the status of air 
quality by detecting the concentration of pollutants 
present in the air. The problem happened when 
the data of pollutants is missing which probably 
happen to owe to malfunction of equipment or 
errors in the measurements that caused bias 
between observed and unobserved data (Zakaria 
and Noor, 2018). Besides, missing observations 
obstruct the capability to make a correct 
conclusion or interpretations about the 
observation (Noor et al., 2015). Missing 
observations can be treated in a few ways. 
Imputation method is one of the ways to 
overcome the problem of missing observation 
(Razak et al., 2014). According to Junninen 
(2004), numerous methods can be applied to 
impute missing observations in environmental 
data. For instance, mean, nearest neighbor and 
EMB-algorithm.  

Mean imputation method used the mean 
value of the observed parameter to replace the 
missing values. It is a fast and simple imputation 
method. The equation used for the mean 
imputation method as shown below: 

Ӯ =
1

𝑛
 ∑ 𝑦𝑖

𝑖=𝑛

𝑖=1

 

 
where: 
n = number of available data 
𝑦𝑖        = data points 
 
Nearest neighbor imputation method was 
implemented by utilizing known values at a 
neighboring location with endpoints of the gaps 
were used in this imputation method to estimates 
values of missing data. This imputation method 
studies the distance between each point and the 
nearest point to it. The equation used for the 
nearest neighbor imputation method as shown 
below: 
 

 y = y1if x ≤ x1 + [(x2 - x1) / 2] 
                   y = y2if x ≥ x1 + [(x2 - x1) / 2]   
 
where: 
y              = represents the interpolate 
x              = time point of the interpolate 
y1 and x1  = starting point of the gap 
y2 and x2  = the end points of the gaps 
 
Expectation-Maximization Based (EMB) Algorithm 
was implemented based on R platform using 
Amelia package (Amelia II). This imputation 
method implements multiple imputations that 
generate multiple complete forms of the 
incomplete data set. The basic idea procedure of 
multiple imputations as imputation methods on 
missing data consist of imputation, analysis and 
combination. 
 
MATERIALS AND METHODS 
 
Data 

The daily average of PM10 pollutant data from 
52 continuous air quality monitoring stations in 
Malaysia from 2010 until 2015 was selected. The 
selection of PM10 pollutant data was due to its 
availability as the highest pollutant documented in 
many areas in Malaysia (Department of 
Environment, 2014). Table 1 describes the 
characteristics of PM10 data with the total data 
points of PM10 was 113, 112 and the number of 
observed data points and the number of missing 
data points are 112, 586 and 526, respectively. 
The standard deviation value obtained is 28.33 
μg/m3 shows some PM10 concentration variability. 
This is supported by the range of PM10 pollutant 
values from 8 μg/m3 to 763 μg/m3. In order to 
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obtain the complete data set, missing values of 
PM10 present from the original data were omitted. 
 

Table 1 ; Characteristics of PM10 data 
No. of observed data points 112, 586 

No. of missing data points 526 

No. of total data points 113, 112 

Mean 
Standard deviation 

49.91 
28.33 

Minimum 8 

Maximum 763 

 
Simulation study  

A simulation study of imputation methods 
was conducted to evaluate the performance of the 
imputation method on various percentages of 
missing data. Complete PM10 data were made as 
missing data by randomly select and delete the 
data. The number of deleted data is based on the 
three complexities degree viz.  small, medium and 
large. The small, medium and large degree of 
complexities consist of 5 and 10 percent missing 
data, 15 and 25 percent missing data and 40 
percent missing data. The descriptive statistics of 
simulated missing data are represented in Table 2 
with the analysis was conducted using the simple 
linear regression. 

 
Imputation methods 

Three imputation methods namely mean, 
nearest neighbor and EMB were applied to fill in 
the deleted values referred as imputed data for 
the missing data. The imputed data then is 
compared to their observed data. Meanwhile, 
through the nearest neighbour imputation method, 
the missing data were replaced with the nearest 
known values for the missing data (Noor et al., 
2015) whereby the endpoints of the gaps were 
used to estimates the missing values. According 
to Junninen et al., (2004), this imputation method 
is appropriate to be applying on the data with 3% 
of the missing data from the original dataset. 
Besides mean and nearest neighbor imputation 
methods, EMB (expectation-maximization with 
bootstrapping) algorithm was used as one of the 
imputation methods by applying Amelia II which 
exists as a package in R statistical software with 
complete data parameters can be drawn from the 
algorithm that uses the familiar EM (expectation-
maximization) algorithm on multiple bootstrapped 
samples of the original incomplete data.  Through 
the EMB imputation method, more parameters 
and observations are enabled to be imputed 
through Amelia II (Honaker et al., 2011). 

 

Performance indicators 
The performance of imputation methods 

(mean, nearest neighbour, EMB) was measured 
based on the coefficient of determination (R2) and 
root mean squared error (RMSE). The value of R2 
that close to one indicates the greater explained 
variance meanwhile a smaller RMSE which is 
close to zero value indicates that a predicted 
value is closer to the exact value, therefore 
showing the accuracy of the methods. Equations 
of these performance measures were given in 
Table 2: 

 
RESULTS  

Table 2; Performance measures used for 
evaluation of imputation methods 
Measure Equation 

Coefficient of 
 determination (R2) 1 − (∑

   (Oi − Pi)
2

   (Oi  − ō )2

n

i=1

 

 

Root mean square 
 error (RMSE) 

√
1

n
∑(Oi −  Pi)

2

n

i=1

 

Where: n = total number of annual measurements; Pi = 
predicted values; Oi = observed values; Ō = Mean of the 
observed values; t = time 

 
DISCUSSION 
     Table 4 shows the performance of three 
imputation methods (Mean, Nearest neighbor, 
EMB) for various proportions of missing values 
with  imputation methods of mean and nearest 
neighbor are great to be applied onto a small 
percentage of missing data which is 5 percent 
compared to the EMB imputation method with R2 
and RMSE value obtained for mean, nearest 
neighbour and EMB imputation methods are 
0.9274, 0.9318, 0.9084 and 7.47, 7.47 and 8.58, 
respectively. However, it becomes less efficient 
when the percentage of missing data increased 
since the value of R2 obtained from performance 
of mean (0.9274, 0.8117, 0.6484, 0.5401, 0.3911) 
and nearest neighbor (0.9318, 0.8126, 0.6546, 0. 
459, 0.3946) imputation method decreased with 
the increasing percentage of missing data (5%, 
10%,5 15%, 25%, 40%). Besides, the value of 
RMSE increased for mean (7.47, 12.36, 16.90, 
19.13, 22.07) and nearest neighbor (7.47, 12.27, 
16.68, 19.13, 21.76) imputation methods.  
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Table 3; Descriptive statistics of simulated missing data 
% of missing data 5% 10% 15% 25% 40% 

No. of observed data 
points 

106 
956 

101 
326 

95698 84 
438 

67 
551 

No. of missing data points 5630 11260 16 
888 

28 
148 

45 
035 

No. of total data points 112 
586 

112 
586 

112 
586 

112 
586 

112 
586 

Mean 50.09 49.31 48.26 44 44 

Min 8 8 8 8 10 

Max 763 763 763 763 763 

 
Table 4; Performance of Nearest neighbor, mean and EMB imputation methods for various 
proportions of missing values. 

 
Proportion of missing 

data 
Imputation 
Methods 

R2 RMSE 

Small 

5% 

Nearest neighbor 0.9318 7.47 

Mean 0.9274 7.47 

EMB 0.9084 8.58 

10% 

Nearest neighbor 0.8126 12.27 

Mean 0.8117 12.36 

EMB 0.8468 11.18 

Medium 

15% 

Nearest neighbor 0.6546 16.68 

Mean 0.6484 16.90 

EMB 0.7530 14.20 

25% 

Nearest neighbor 0.5458 19.13 

Mean 0.5401 19.13 

EMB 0.5791 18.53 

Large 40% 

Nearest neighbor 0.3946 21.76 

Mean 0.3911 22.07 

EMB 0.5004 20.48 

 
 
 
Besides, mean and nearest neighbor imputation 
methods, the EMB imputation method also 
experienced the decreasing value of R2 (8.58, 
11.18, 14.20, 18.53, 20.48) and increasing values 
of RMSE (8.58, 11.18, 14.20, 18.53, 20.48) when 
the proportion of missing data in increased. This 
shows that when the missing values increased, 
the estimates of validity become decreasing 
(Zakaria and Noor, 2018). 

Conversely, when there are an excessive 
number of missing values in the data, the 
estimations have a tendency to deviate from the 
true value (Razak et al., 2014) 

Besides, simulation study shows that nearest 
neighbor and means imputation method best 
applied to a small degree of complexities (5%) 
while it became less suitable for the medium (15-
25%) and large (40%) degree of complexities. In 
contrast, the EMB imputation method is less 
suitable to be applied to the small proportion of 
missing data (5%) comparing to mean and 

nearest neighbor imputation methods. However, it 
gives a high value of R2 and low value of RMSE 
for medium and large proportion of missing data 
compared to mean and nearest neighbour 
imputation methods. 

CONCLUSION 
As a conclusion, a large proportion of missing 
data give less accuracy although with mean, 
nearest neighbor as well as EMB imputation 
methods. However, it is best to apply mean and 
nearest neighbor imputation methods for the small 
proportion of missing data. Meanwhile, EMB 
imputation method best applied to the large 
proportion of missing data 
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