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Abstract
Parametric methods are commonly used to conduct the trend analysis of air pollution. These methods require certain statistical 
assumptions, such as stationarity and normality of the data. However, such assumptions are usually not applicable to trends 
in Air pollution index (API). In addition, the change points in the time series have not been taken into consideration by most 
of the analysis of API. Therefore, this study presents a comprehensive investigation of the trend analysis and change point 
detection of the mean and maximum of API series in Malaysia. The hourly, daily, weekly, monthly, seasonal, and annual 
API data series were considered in the analysis. The finer time intervals were used to detect any significant increasing or 
decreasing trends of the API series for Malaysia. The API data were collected from 37 air monitoring stations in Peninsular 
Malaysia. The nonparametric tests, including Mann–Kendall test, Pettitt test, and innovative trend analysis were used to 
examine the contribution presented herein. Various aspects of API data were studied, including upward trends, downward 
trends, and change points. Several significant monotonic trends and changing points in some of the API measuring stations 
were found from the Mann–Kendall test results. Significant increasing trends of the monthly and seasonal mean, as well 
as maximum API, were found in the years 2013 and 2014 for some stations. In addition, the magnitudes of the increasing 
trends in maximum API are larger than the mean API. The detection points captured by the Pettitt test are possibly related 
to the El-Nino events. In general, the results of the study provide comprehensive information on air quality trends and their 
atmospheric aspects, which can help in developing strategies to address air quality problems and provide meaningful oppor-
tunities to mitigate air pollution problems in Peninsular Malaysia.

Keywords Air pollution assessment · Air pollution index (API) · Innovative trend analysis · Mann–Kendall (MK) test · 
Peninsular Malaysia · Pettitt test

Introduction

Air pollution is one of the main environmental challenges, 
which can be seen in most countries worldwide. However, 
air pollution is not only an environmental challenge but 
also an alarming environmental problem in Malaysia. Air 

pollution index (API) in some of the continuous air moni-
toring stations in Malaysia have showcased that they have 
reached hazardous levels in the last few years. Therefore, 
this is a serious concern, particularly when the weather in 
this part of the world is proven to experience adverse air 
pollution conditions. Air pollution occurrences, duration, 
and severity are a few of the most important variables in 
the field of air quality management (Gass et al. 2015; Halim 
et al. 2018). Therefore, the urban and industrial areas in Pen-
insular Malaysia are particularly the main contributors to 
heavy pollutant emissions, resulting in major air pollution 
problems throughout the region.

Air pollution in Malaysia has been investigated by many 
researchers (Al-Dhurafi et al. 2018a; Nieto et al. 2018; Halim 
et al. 2018; Motiva et al. 2019; Maleki et al. 2019; Alyousifi 
et al. 2018, 2019, 2020a). Similar to many other countries, 
the urban and industrial areas in Malaysia are considered to 

Editorial responsibility: Mohamed F. Yassin.

 * Y. Alyousifi 
 p90499@siswa.ukm.edu.my

1 Department of Mathematical Sciences, Faculty of Science 
and Technology, Universiti Kebangsaan Malaysia, 
43600 Bangi, Selangor, Malaysia

2 Department of Civil Engineering, Faculty of Engineering, 
Sri Lanka Institute of Information Technology, Malabe, 
Sri Lanka

http://crossmark.crossref.org/dialog/?doi=10.1007/s13762-021-03672-w&domain=pdf


 International Journal of Environmental Science and Technology

1 3

be the most affected areas, due to dense traffic and manufac-
turing industries (Latif et al. 2011; Azid et al. 2014). There-
fore, urbanization coupled with industrial development has 
contributed to the presence of high amounts of atmospheric 
pollutants (Azid et al. 2014; Dominick et al. 2012 Latif 
et al. 2011). Based on the studies by Azmi et al. (2010) and 
Dominick et al. (2012), crowded vehicular traffic is one of 
the major sources of air pollution in urban areas for most of 
the developing countries, including Malaysia. In addition, 
the open burning and forest fires, which often occur in the 
neighboring countries, could be another source of air pol-
lution in Malaysia.

Particulate Matter  (PM10) and Ozone  (O3) are mainly 
contributing to the air pollution in Peninsular Malaysia. 
These two pollutants are the most concentrated pollutants 
compared to many others in the context of air pollution. 
For instance,  PM10 was found to contribute as much as 70% 
of the total pollutants in the air, while the other 30% was 
due to the presence of high  O3 levels during the period of 
unhealthy air quality in 2002. However, the other pollutants, 
such as Sulfur Dioxide  (SO2), Nitrogen Dioxide  (NO2), and 
Carbon Monoxide (CO), had a slight effect on API values. 
Thus,  PM10 and  O3 are the most important contributors in 
determining and selecting the API values. The concentration 
level of these pollutants reflects the healthy state of the air 
in the atmosphere, and therefore, actions can be taken if the 
air quality is poor (Afroz et al. 2003). The main sources of 
 PM10 and  O3 are transboundary sources and the number of 
motor vehicles (Azmi et al. 2010; Mohtar et al. 2018). In 
addition, the main sources of  SO2 are the burning of fos-
sil fuel at power plants and industrial facilities (Butler and 
Whelan 2018), and those of CO are the biomass burning and 
industrial activities (Zhang et al. 2009).

Research on trend analysis is quite popular among cli-
mate and environment researchers. The climatic trends are 
widely investigated and the results are effectively used in 
future planning activities in many countries. However, the 
trend analysis and change point detection in air pollution 
have been considered by only a few researchers (Wang and 
Zhang 2012; Zarenistanak et al. 2014; Zhang et al. 2018). 
Azmi et al. (2010) have conducted a study to determine the 
trends and status of air quality in several stations in Klang 
Valley, Malaysia. They also assessed the correlation of air 
quality with some meteorological factors at the identified 
stations. They have also reported that the concentrations 
of CO,  NO2, and  SO2 were higher in Petaling Jaya. This 
could be due to the presence of heavy traffic in the area. 
Moreover, Abd Rani et al. (2018) have presented a statisti-
cal description of the API trends in Malaysia from the years 
2010 to 2015. They have identified the highest API value of 
663, which had occurred in Muar on the 23rd of June 2013. 
This was recorded as the worst air quality record that had 
been experienced in Malaysia. The trend analysis of Ozone 

for the period 1997 to 2007 of Kemaman district has been 
examined by Ismail et al. (2012) using a parametric method. 
The results showcased that, in general, there is an increasing 
trend for air pollution during the dry months and a decrease 
in air pollution during the rainy months in Malaysia.

Malaysia is a rapidly developing country mainly due to its 
industrialization. The country has been affected by various 
episodes of temporal and regional air pollution events (Azid 
et al. 2014; Arman et al. 2015; Mohtar et al. 2018; Alyousifi 
et al. 2020a, b). Thus, it is essential to investigate the trends 
of API to have a better understanding of the air pollution 
problem in Malaysia. Most of the studies on the statistical 
trend analysis of air pollution in Malaysia have been con-
ducted based on parametric statistical methods. However, as 
stated above, the parametric statistical methods can only be 
successfully used to the normally distributed independent 
data. Therefore, parametric methods are not the best meth-
ods to detect the trends for the time series data. Thus, the 
nonparametric tests are important as they do not require the 
normality assumptions on the time series data (Jaiswal et al. 
2018). Generally, nonparametric methods have advantages 
in handling missing data; thus, investigators can get a more 
refined view of the variable tendencies in time series (Ali 
et al. 2019).

Nevertheless, as stated above, the nonparametric methods 
have not received much attention in detecting the air pollu-
tion trends in Malaysia. Thus, the need for such a study is 
highly appealing. Mann–Kendall and Pettitt tests are non-
parametric statistical methods that are commonly used to 
assess the existence of trends and change points, respec-
tively. These are widely used in the time-series data such 
as rainfall, temperature, and river flow (Deni et al. 2010; 
Damberg and AghaKouchak 2014; Yusof et al. 2013). Fur-
thermore, to the best of authors’ knowledge, the literature 
does not showcase the usage of graphical methods, such as 
innovative trend analysis methods for identification of trends 
in API data of Malaysia.

However, the literature shows many related studies in the 
nearby countries. Chaudhuri and Dutta (2014) have imple-
mented the Mann–Kendall test to observe the trends in pol-
lutants data, humidity, and temperature over an urban sta-
tion of India. Their findings demonstrated the existence of 
a significant increasing trend in all the pollutant parameters 
and average surface temperature during the post-monsoon 
season. In addition, Jaiswal et al. (2018) have applied the 
Mann–Kendall and Sen’s slope estimator tests on seasonal 
data for air quality index for Varanasi, India for the years 
2013 to 2016. An increasing trend was found for  PM10 while 
decreasing trends were found for  PM2.5, CO,  NO2, and  SO2 
in Varanasi.

The innovative trend analysis technique proposed by 
Sen and Srivastava (2012) is a nonparametric graphical 
method to detect trends in time series. The test does not 
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also depend on data distribution, autocorrelation, and length 
of data series (Tosunoglu and Kisi 2017). The innovative 
trend analysis method allows robust identification of the 
trends by ignoring the seasonal cycle and the length of time 
series. It also allows examination of any hidden sub-trends 
that are presented in the series. Thus, the innovative trend 
analysis method can be used for investigating a monotonic 
trend present in the time series, which persists with time. 
Therefore, the method has been widely applied in different 
studies around the world in recent years (Tabari et al. 2015; 
Dabanlı et al. 2016; Demir and Kisi 2016; Öztopal and Sen 
2017; Ali et al. 2019). For instance, Öztopal and Sen (2017) 
have applied the innovative trend analysis method for assess-
ing the rainfall trend at seven stations in Turkey. According 
to the literature, it is observed that innovative trend analy-
sis had been used in different studies. However, to the best 
of the authors’ knowledge, no study has applied innovative 
trend analysis on analyzing the API trend in Malaysia.

However, a number of studies on air pollution which use 
API data can be found in Malaysia. The API is a generalized 
measure of air pollution conditions for describing the air 
quality in the environment. API data are inherently random 
and thus, they do not require statistical assumptions of lin-
earity and stationarity. Hence, API data can be effectively 
used to detect trends and change point detection of air pollu-
tion based on nonparametric methods. However, the trends 
or change points in the API data are yet to be investigated in 
Peninsular Malaysia.

Therefore, this study presents an answer to the above 
research gap by conducting a comprehensive investiga-
tion on the trend analysis with a focus on the distributional 
shifts and behaviors of the air pollution index in Peninsular 
Malaysia. The trend analysis of the API data was performed 
based on Mann–Kendall and the innovative trend analysis 
methods for identifying the air pollution trends in all air 
monitoring stations of Peninsular Malaysia (37 stations). 
The distributional shifts in API were described using the 
Pettitt test. In addition, the mean and maximum APIs were 
analyzed in order to provide details on the trend of the air 
pollution problem. Furthermore, the API time series analysis 
is discussed, and a description of the study area and descrip-
tive statistics of API data are presented. Generally, the find-
ings of this research are expected to assist policymakers in 
planning and preparing suitable strategies for managing the 
uncertain changes in air quality.

Study area and data collection

The hourly and daily API data for three years from 1st January 
2012 to 31st December 2014 were collected for 37 air monitor-
ing stations in Peninsular Malaysia. These stations are located 

in several cities and the locations of the study areas are shown 
in Fig. 1 (Alyousifi et al. 2020a).

The API is adopted as an indicator of air pollution condi-
tions in Malaysia, which was designed according to the US 
model that numerically ranges from 0 to ∞. This index reflects 
the air quality levels related to human health. The API data are 
structured based on the information on five main air pollut-
ant variables, namely, Ozone  (O3), Carbon Monoxide (CO), 
Nitrogen Dioxide  (NO2), Particulate Matter  (PM10), and Sulfur 
Dioxide  (SO2) (DOE 2000). In addition, the API values are 
determined based on the highest index value among these five 
pollutants of a particular time period (up to a 24-h averaging 
period), as shown in Fig. 2. The main advantage of the API is 
that it has multiple categories that allow for temporal flexibility 
in the evaluation of air pollution.

A moderate state of air pollution level is denoted by an 
API value of less than 100, while a value of greater than 100 
indicates a higher degree of air pollution. The breakpoints 
of API values and the respective health status, which are 
good, moderate, unhealthy, very unhealthy, hazardous, and 
emergency for Malaysia can be found in the regulations of 
the Department of the Environment of Malaysia (DOE 2000; 
Alyousifi et al. 2020b).

As stated earlier, API is categorized based on the highest 
values from five main air pollutant index values  (PM10,  O3, 
 SO2,  NO2, and CO), where  PM10 and  SO2 hourly values are 
averaged over a 24-h running period, CO is averaged over 
8 h, while  O3 and  NO2 are on one hour running averages. 
After that, API is calculated with the use of sub-index func-
tions for each pollutant based on the standpoint of human 
health implications (DOE 2000; Alyousifi et al. 2021). The 
calculations of the sub-indices of pollutants can be found in 
the study by Abd Rani et al. (2018).

These five important parameters are measured by the 
sensor-based measuring devices in Malaysia. The optical 
particle counters detect the particulate pollution by measur-
ing the light scattered due to particles. The optical sensors 
detect gases like carbon monoxide and carbon dioxide by 
measuring the absorption of infrared light. The mobile Air 
Pollutant Index (API) Monitoring System consists of a Sharp 
GP2Y1010AU0F optical dust detector as a sensor for dust, 
Arduino Uno, and LCD Keypad Shield. A signal conditioner 
is used to amplify and extend the range of the sensor reading 
for a more accurate result. These are sensitive and accurate 
instruments, thus, they are widely used over many air pollu-
tion stations over the world.

Materials and methods

The nonparametric methods are commonly used for analyz-
ing the time series trends and detecting the change points 
because they are less sensitive to outliers and do not require 
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Fig. 1  Locations of 37 air quality monitoring stations in Peninsular Malaysia (Alyousifi et al. 2020a)
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any statistical assumption about the data, such as linearity 
and stationarity. Thus, this section emphasizes the theories 
behind the overall trend and change-points of the data series 
at each station. The nonparametric methods such as the 
Mann–Kendall test, Sen's slope, and innovative trend anal-
ysis methods are usually used for trend analysis, while the 
Pettitt test is widely used for change point detection. These 
tests are well recommended by the World Meteorological 
Organization for public application (Mitchell et al. 1994; 
Jaiswal et al. 2015; Suhaila and Yusop 2018). The purpose 
of this study is to investigate the presence of possible trends 
and investigate the variability of API at different time points 
in order to present a better understanding of the behavior of 
air pollution in Peninsular Malaysia over time. In addition, 
examining the variability of API for a better understanding 
of the stochastic behavior of air pollution is carried out.

The Mann–Kendall (MK) test

The Mann–Kendall (MK) test (Mann 1945 and Kendall 
1975) is applicable for detecting a monotonic trend in a time 
series with outliers. The statistics of the tests are based on 
the sign of differences, but not directly based on the values 
of the variable (Pal and Al-Tabbaa 2009). Identifying the 
significant trends and determining changes in a trend over 
time are very vital for the analysis of API time series. The 
MK test can successfully be used to statistically assess the 
presence of a monotonic trend, either increase or decrease, 
in a time series (Suhaila and Yusop 2018).

The test statistic of the Mann–Kendall trend test is calcu-
lated according to the following equations (Eqs. 1–5).

(1)Smk =

n−1∑
i=1

n∑
j=i+1

sgn
(
xj − xi

)

where n is the length of data, xi and xj is the two generic 
sequential data, and sgn

(
xj − xi

)
 can be written as

The test statistic Smk is asymptotically normally distrib-
uted, and under the null hypothesis it has an expectation 
E(Smk) = 0 and variance V

(
Smk

)
 is given by

in the case of that there is no tie in the data (Mann 1945; 
Kendall 1948). Otherwise, it can be given by

where t is the number of data points in the jth tied group. For 
this test, the statistics Z can be computed as

Having no ties in data, the well-known Kendall’s τ is 
also calculated as Smk∕n2 , which is a measure of rank cor-
relation (Pohlert et al. 2016; Militino et al. 2020). The null 
hypothesis is usually tested at 5% significance level. A posi-
tive value of Z indicates an increasing trend and a negative 
value of Z indicates a decreasing trend. In order to apply the 
Mann–Kendall test, a whitening test is performed on data to 
check for the possible correlation in the series. The aim is 
to identify the presence of any autocorrelation effect in the 
time series data, which may influence the Mann–Kendall 

(2)sgn(x) =

⎧⎪⎨⎪⎩

1 ∶ xj − xi > 0

0 ∶ xj − xi = 0

−1 ∶ xj − xi < 0

(3)V
(
Smk

)
= n(n − 1)(2n + 5)∕18

(4)V
(
Smk

)
=

1

n
[n(n − 1)(2n + 5) −

∑
t

tj
(
tj − 1

)(
2tj + 5

)
]

(5)Z =

⎧⎪⎨⎪⎩

S+1√
V(Smk)

∶ S > 0

0 ∶ S = 0

−1 ∶ S < 0

Fig. 2  A method of determina-
tion for the APIs DOE (2000)
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test's ability to evaluate the significance of the trend (Von 
Storch 1999).

Sen’s Slope estimator

The magnitude of the trend, which is the slope of the 
monotonic trend, can be estimated using Sen’s slope esti-
mator test. The simple nonparametric procedure is given 
by Eq. 6.

where yj and yi are the sequential data values at times j and 
i , respectively (Theil 1950; Sen 1968; Hirsch et al. 1982). 
Also, 1 < K < j < n , and di are considered a median of all 
possible combinations of pairs for the whole data set (Sala-
rijazi et al. 2012). The alternative hypothesis is that a trend 
exists, and this trend can be either positive or negative.

Graphical method in trend analysis

Usually, some API series are not serially independent. Thus, 
API data show a significant serial correlation. The errors can 
be occurred in detecting trends even for a moderate correla-
tion in the API series (von Storch 1999). Even though the 
procedure of pre-whitening is applied to address the issue 
of serial correlation to the API series, the null hypothesis 
is also rejected at some API series. Therefore, an innova-
tive trend analysis (ITA) method, also known as a graphical 
method in trend analysis, was employed to identify the posi-
tive and negative trends in API data. Although this method 
is widely used in identifying trends of climate series (Rath-
nayake 2019), it has not been applied for API series yet. 
The following steps are carried out for implementing the 
innovative graphical method.

1. First, divide the data series into two equal subsets
2. Then, arrange the sub-data sets in ascending order.
3. Next, plot two antecedent series in the Cartesian coor-

dinate system (the older one in the X-axis and the recent 
one in the Y-axis) and draw a 45° line and two other lines 
at + 5% and − 5% at the same coordinate system.

If the time series is between + 5% and − 5%, the test 
presents a “no trend” situation. However, if the data scatter 
is placed above + 5%, a positive trend in the recent data 
compared to the older data can be predicted and vice versa. 
The ± 5% lines can even be extended to ± 10% lines for no 

(6)di = median

[
yj − yi

j − i

]
, for all j > i

trends and the scatters can also be grouped in identifying 
the partial trends (Şen 2017; Öztopal and Şen 2017).

Pettitt test

The Pettitt test (Pettitt 1979) is applied in order to test for a 
shift in the central tendency of a time series. Suppose that 
the random variable, Xi, i = 1, 2,… , n is independent and 
identically distributed and assume that the Xi ’s have the 
same mean in the data series and the series is homogene-
ous. The “no change” is the null hypothesis (H0) and the 
“change points exist” is the alternative hypothesis (Ha) . If 
P value is less than 0.05, then, the change point is signifi-
cant (Pohlert et al. 2016; Suhaila and Yusop 2018).

The governing equations for Pettitt’s test are shown in 
Eqs. 7 and 8.

The change-point of the series is located at SP , provided 
that the statistic is significant. The significance probability 
of SP is approximated for p ≤ 0.05 with;

The distribution of SP is symmetric around zero with 
E(SP) = 0 under the null hypothesis and for each k . It is 
expected to have large values for SP , when there is a shift 
in data (Pettitt 1979; Pohlert et al. 2016; Militino et al. 
2020).

Overall methodology

The obtained hourly and daily API data sets for 37 air qual-
ity monitoring stations were tested using the Mann–Ken-
dall test and Sen’s slope tests. However, the tests were 
carried out in daily, monthly, and seasonal time series. The 
two main seasons in which the air quality can be affected 
in Malaysia are the Southwest Monsoon (SWM) and the 
Northeast Monsoon (NEM) seasons. These monsoons 
occur in the months of May to August and November to 
February, respectively. The country also experiences two 
inter-monsoon seasons periods from March to April and 
September to October, respectively. The amount of rain is 
generally larger in the monsoon periods as compared to the 
inter-monsoon periods. Therefore, NEM and SWM were 
mainly considered for the time series analysis of API. In 
addition, the trends in APIs were tested based on the inno-
vative trend analysis technique. Furthermore, the change 

(7)SP = max
k

||||||

k∑
i=1

n∑
j=i+1

sgn
(
xj − xi

)||||||
, 1 < k < n

(8)Pp = 2exp

[
−6S2

P

n2 + n3

]
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points of the API data series for each station were investi-
gated using the Pettitt test. The results of the analyses are 
presented and discussed in the next section.

Results and discussion

API data representation

The data used in this study consist of approximately 
26,304 hourly observations at each station for a total of 37 

stations. The descriptive statistics and time series analysis 
of API data have been introduced before the investigation 
of the trend analysis and change point detection of API. 
Table 1 provides a summary of the descriptive statistics 
for the daily API data for each station.

The mean values for all cities are greater than their cor-
responding medians, which indicates that the API distribu-
tions are positively skewed or right-skewed. This observa-
tion is clearly shown in Fig. 3. Figure 3 displays histogram 
plots of API data for the most polluted cities in Peninsular 

Table 1  Some descriptive 
statistics on the API data of air 
quality monitoring stations in 
this study

The highest values of API are represented in bold

Station ID Location of Stations Mean Max Min SD Skewness Kurtosis

CA0001 Johor 54.41 352 20 19.78 7.21 96.32
CA0002 Terengganu 55.85 262 22 14.91 3.89 41.76
CA0003 Pulau Pinang 50.70 120 18 16.00 0.65 0.37
CA0006 Melaka 63.54 477 17 24.05 9.36 133
CA0007 Pahang 39.56 138 15 12.71 1.33 5.68
CA0008 Perak 56.74 109 29 13.88 0.55 0.08
CA0009 Pulau Pinang 53.82 132 20 14.61 1.27 2.83
CA0010 Negeri Sembilan 60.82 177 26 16.69 2.14 9.67
CA0011 Selangor 65.16 495 25 30.29 7.41 85.1
CA0014 Pahang 46.21 172 16 12.89 1.97 13.8
CA0015 Pahang 49.63 200 2 13.72 2.61 24.2
CA0016 Selangor 57.39 231 26 18.53 2.94 18.8
CA0017 Kedah 56.03 121 25 14.66 1.16 2.27
CA0019 Johor 51.17 226 17 18.04 3.14 20.3
CA0020 Perak 46.48 155 16 16.36 1.45 4.54
CA0022 Kelantan 44.25 116 11 11.88 0.69 2.43
CA0024 Terengganu 38.05 162 5 13.43 1.93 11.3
CA0025 Selangor 63.21 301 7 21.96 2.39 15.9
CA0032 Kedah 40.36 102 15 10.63 1.22 3.24
CA0033 Perlis 43.04 104 15 12.37 0.53 0.34
CA0034 Terengganu 49.77 140 0 12.51 0.67 4.54
CA0038 Pulau Pinang 56.63 121 18 16.30 0.53 0.24
CA0040 Kedah 43.80 108 17 13.77 1.11 2.18
CA0041 Perak 44.80 333 14 19.66 4.31 47.6
CA0043 Melaka 54.52 415 16 23.40 6.50 78.1
CA0044 Johor 53.02 663 7 28.10 12.9 247
CA0045 Perak 53.09 179 11 21.95 1.41 2.59
CA0046 Perak 62.00 247 27 15.32 2.76 24.7
CA0047 Negeri Sembilan 58.26 173 23 19.42 1.17 3.31
CA0048 Selangor 45.32 247 14 21.10 2.88 16.1
CA0053 W.P. Putrajaya 56.13 223.5 19 19.80 2.06 10.1
CA0054 Kuala Lumpur 68.93 186 26 23.01 1.04 1.90
CA0056 Negeri Sembilan 60.41 364 26 22.06 5.34 58.2
CA0057 Johor 51.75 327 25 19.98 5.98 68.3
CA0058 Kuala Lumpur 66.95 200 21 23.82 1.05 2.45
CA0059 Kelantan 51.01 134 7 15.62 0.24 2.51
CA0060 Selangor 66.65 323 30 23.92 4.13 34.2
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Malaysia (Klang, Bukit Rambai in Melaka, Bachang in 
Melaka, and Muar in Johor).

The majority of API data are concentrated around values 
less than 100 for these stations. However, it can also be seen 
that a small number of API values is placed beyond 100. 
These extreme API values are contributing to moving the 
data distribution to the right, known as right skewed.

Some of the locations have recorded hazardous state 
values (API > 500) and they can be clearly seen in Table 1. 
The highest API observed was 663 and at a value of skew-
ness of 247. This was recorded at Muar in Johor from 
01:00 h to 16:00 h on the 23rd of June 2013. This demon-
strates that Muar had experienced higher API compared 
to the other cities or towns during the study period. Pen-
insular Malaysia was facing a serious air quality problem 

due to the occurrence of haze during the months of June 
2013 and March 2014. Several other stations can also be 
observed with very high API values apart from the station 
of Johor. They are Klang (API of 495), Bachang Melaka 
(API of 477), Bukit Rambai Melaka (API of 415), and Port 
Dickson Negeri Sembilan (API of 364) stations. These 
API readings also approach the hazardous state of air pol-
lution. Therefore, these five stations can be considered the 
most polluted stations in Peninsular Malaysia during this 
period, where three of these five stations are classified as 
urban stations, while the other stations are industrial and 
sub-urban. This implies that most of the air-polluted sta-
tions in Peninsular Malaysia are urban stations. Therefore, 
it can be clearly understood that urbanization is one of 
the main factors for the adverse air quality in Peninsular 
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Malaysia. This is justifiable when the urban areas are sur-
rounded by various industries with burning fossil fuel, 
power stations, municipal and industrial waste dumps, 
and incinerators. In addition, the heavy vehicular motions 
would worsen the air quality in the urban areas compared 
to the rural areas.

Additionally, the high API values found in the most 
polluted stations in the Peninsula, (as shown in Fig. 3) are 
believed to be caused by episodes of haze, due to trans-
boundary pollution from forest fires in Indonesia (Rah-
man et al. 2015; Abd Rani et al. 2018). Thus, Johor, Klang, 
Bachang Melaka, Bukit Rambai Melaka, and Port Dickson 
Negeri Sembilan stations can be considered the proper 
choices of the reference stations for comparison, when the 
interest is on highly polluted areas. The standard deviations 
of API for these five stations are 28.10, 30.29, 24.05, 23.40, 
and 22.06, respectively. Therefore, they indicate a higher 
variability in the API as compared to other stations. These 
greater variations at the stations can be attributed to the big-
ger differences between the maximum and minimum values 
of API.

Table 2 showcases the seasonal mean API observed dur-
ing the SWM and NEM seasons, and the monthly mean 
API with the coefficient of variation (CV) for some of the 
selected stations (other stations are not shown here due to 
the page limitations). The CV is a statistical measure of the 
relative dispersion of the data points in a time series around 
the mean. It is obvious that the high mean API is domi-
nant during the SWM season recorded at Kuala Lumpur 
(CA0058) station. The lowest mean API was recorded at 
Jerantut, Pahang (CA0007) station during the NEM season. 
In terms of variation in the API series, most stations have 
recorded large variability in each season, with the largest 
variability of approximately 30% at Muar, Johor (CA0044) 
station and nearly 35% at Kuala Selangor (CA0048) station 
during SWM and NEM seasons, respectively. Therefore, 
NEM season has more variation relative to its mean in the 
API series. On the other hand, the rest of the considered sta-
tions recorded lower variability in the seasonal mean series.

The API data have skewed distributions to the right 
with a long tail for high concentrations (Singh et al. 2001; 
Al-Dhurafi et al. 2020). Thus, the normal distribution is 

not a suitable way to describe air pollution data. Taking 
logarithms of the data is one way to overcome this diffi-
culty, thus the data are transformed to a normal distribu-
tion. Therefore, the Paired samples Wilcoxon test (also 
known as Wilcoxon signed-rank test (WSRT)) can be 
employed to assess whether two dependent samples were 
selected from populations having the same distribution. 
The Paired samples Wilcoxon test (WSRT) is a nonpara-
metric statistical test that is utilized to compare two sam-
ples. The purpose of this test is to investigate the changes 
of ranks of population means. It can be used as an alter-
native to the paired Student's t test, when the difference 
between the two-sample means cannot be assumed to be 
normally distributed.

The difference between the two seasons was statistically 
significant for most of the stations according to WSRT. This 
can be clearly understood from the P values listed in Table 2, 
which are below the 5% significance level. This implies 
that the air pollution events that occurred during the SWM 
season are different from those occurred during the NEM 
season. This could be due to the extent of dryness that was 
resulted from the El-Nino phenomenon. This can possibly be 
contributed to changes in the rainy season to the dry season, 
thus further escalating the problem of air pollution.

Furthermore, Supplementary Table S1 displays the max-
imum monthly and maximum seasonal API in the SWM 
and NEM seasons with their coefficient of variations. It 
is observed that almost all the maximum values of API 
observed at the station were recorded during the SWM sea-
son. In addition, it is interesting to note that in general, the 
stations located in the west and northwest regions of the 
country have higher seasonal maximum APIs compared to 
other regions of the country.

Northeast monsoon brings heavy rainfall and winds to 
the Titiwangsa Range in the western and northwestern areas 
of the peninsula. Thus, these areas in the west of Malaysia 
may be less polluted than those located in the eastern part, 
particularly during the NEM season (Sohaila and Yusop 
2018). Nevertheless, more air pollution events occurred 
during the SWM season than the NEM season. This implies 
the existence of an indirect association with the dry season, 
which mostly comes from the occurrences of the El-Nino 

Table 2  Statistics of seasonal 
mean API series for some of 
the selected studied stations

Significant values are represented in bold

Station ID Southwest Monsoon 
(SWM)

Paired WSRT P 
value

Northeast Monsoon 
(NEM)

Monthly API

Mean CV Mean CV Mean CV

CA0007 46.94 0.095 0.0001 32.29 0.162 39.69 0.214
CA0044 58.08 0.292 0.0637 47.95 0.210 53.28 0.259
CA0048 51.06 0.249 0.0479 41.15 0.350 45.61 0.292
CA0058 72.61 0.098 0.0015 60.36 0.195 67.26 0.164
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phenomenon. In addition, almost all stations were found to 
have the largest variability during both seasons. The largest 
variability of approximately 124% was found at Muar, Johor 
station (CA0044), while about 65% of the variability was 
found at Klang station (CA0011) during SWM and NEM 
season, respectively.

Analysis of API data

The daily API data were analyzed using statistical meth-
ods based on the R statistical software. The analysis was 
carried out on 1096 × 37 observations from all air quality 
monitoring stations in Peninsular Malaysia. Figure 4 shows 
the boxplots of API values from 2012 to 2014 for the 37 air 
quality stations. As stated above, the API values exceeding 
100 can either be classified as unhealthy, very unhealthy or 
in hazardous status. The trend of the daily API data indicates 
that the majority of air monitoring stations in Peninsular 
Malaysia are at a good and moderate state of air pollution in 
general. However, some stations reached a hazardous state. 
Nevertheless, as already stated, the Peninsula was facing a 
serious air quality problem due to the occurrence of haze 
during this period. In particular, it is observed in Fig. 4 that 
nine stations have experienced high API values, which have 
reached hazardous status. However, twenty-eight stations 
have experienced lower API values, indicating that the air 
quality at most stations has not reached the hazardous and 
very unhealthy status of air pollution. These 28 stations 
fall within the healthy limits of humans. Also, the boxplot 
represents the median, which provides a helpful measure 
of the center of a dataset. By comparing the median to the 
mean, for each station, an idea of the distribution of a dataset 

can be obtained. It is observed that the medians are differed 
from the mean. Thus, a skewed distribution of the data is 
indicated. Therefore, this observation supports the results 
shown in Fig. 3.

Figure 5 shows the time series plots of the API observed at 
the four most polluted stations in the Peninsula (Klang; Bukit 
Rambai, Melaka; Bachang, Melaka and Muar, Johor). The fig-
ures clearly showcase some occurrences of unhealthy air pol-
lution events. Therefore, the air quality in these areas seems 
to be a matter of concern and should be taken into account.

In addition, it could be seen from Fig. 5 that the stations 
have experienced the highest API levels in June 2013. The 
highest API was observed at the station of Muar, Johor on 
23rd June 2013 (API of 663). The southwest monsoon is 
in its activation during the month of June. However, it was 
found that the southwest monsoon was a dry season due 
to the occurrence of El-Nino. Therefore, this had further 
aggravated the unhealthy air quality in the area. Also, some 
stations have experienced a high level of API in March 
2014. Careful observation showcased that less rainfall was 
received at these stations as compared to other months (Aly-
ousifi et al. 2020a, b).

Figure 6 shows the time series plots of the observed 
APIs (> 100) for all stations in Peninsular Malaysia. A 
clear trend or patterns of seasonality cannot be seen from 
Figs. 5 and 6. However, the non-stationarity can be seen 
in the time series plots for the observed API values, since 
these data fluctuate without the constant mean and vari-
ance. Figure 5 further indicates serious air quality issues 
from days 536 (19/06/2013) to 543 (27/06/2012). Severe 
episodes of haze have been experienced in this period. In 
addition, most of those stations are urban stations.

Furthermore, Fig. 6 shows the occurrences of unhealthy 
air pollution events (API > 100). In general, this can be 
understood as a warning to the whole of Malaysia on its 
air quality levels. Nevertheless, only a few cases can be 
found with higher API values greater than the MAAQG 
limit of 150 μg/m3.

Figure 7 shows the histogram of APIs for all the stations 
considered in terms of (a) the empirical densities and (b) 
frequencies of API values, respectively. It can be observed 
that distributions of API are positively skewed. This indi-
cates that the majority of the API data are concentrated on 
the left of the figures with a small number of extreme API 
values, as depicted by the tail of the distribution.

Trend analysis and change‑point detection of air 
pollution index

Trend analysis of API

The existence of serial correlation in the time series was 
checked prior to the trend analysis of the API time series 
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since it can affect the significance of trends. The presence 
of a positive serial correlation could increase the possibil-
ity of rejecting a null hypothesis of no significant trends 
(Douglas et al. 2000; Suhaila and Yusop 2018). Thus, it is 
important to check for the existence of serial correlation in 
the time series. The existence of autocorrelations in time 
series data can be determined using the one-way correlation 
coefficient test.

The von Neumann ratio (RVN) test (von Storch 1999) 
can be used to detect any presence of lag-one serial cor-
relation using the rank. However, the presence of serial cor-
relation among the daily API concentration levels can be 
visually investigated by the plot of the autocorrelation func-
tion, which computes the value of autocorrelation for the 
time series of daily API concentrations. The API data were 

tested at the 5% significance level for studying the presence 
of serial correlation. Most of the API series were found to 
be serially correlated. Figure 8 shows the plots of trend and 
autocorrelation of the API time series for each year, which 
reveals the presence of trends in the data. More results are 
given in Supplementary Table S2. The Von Neumann ratio 
(RVN) test was carried out using the “EnvStats” Package in 
R software (Millard et al. 2020).

It can be seen that the monthly mean API series in most 
of the stations are serially correlated (P value < 5%). How-
ever, some stations were found to be serially independent. 
Nevertheless, the seasonal mean API series at all stations 
are serially correlated, except for four stations in SWM sea-
son and five stations in NEM season. The API series for 
the inter-monsoon season has not been analyzed directly. 
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However, the analysis was done indirectly using the monthly 
means and maximum APIs. Therefore, some results can be 
implemented for inter-monsoon seasons (Table 3).

In addition, Supplementary Table S2 shows that about 
half of the stations are serially correlated for the maximum 
API series. However, in contrast, serial correlation cannot 
be found for the seasonal maximum API in all considered 
stations. Nevertheless, the test suggested that the autocor-
relation in these five series is not significant. However, 

pre-whitening was applied before the trend analysis using 
the Mann–Kendall test. This procedure involves estimat-
ing the slope of the monotonic trend for any series which 
are serially correlated. These calculations have been car-
ried out using the “modifiedmk” Package in R (Patakamuri 
et al. 2020).

As previously stated, the Mann–Kendall (MK) test was 
used to produce trend statistics of the API series, while 
the magnitude of the trends in API was found by the Sen’s 
slope estimator test. All the results of trend analysis and 
change points have been done based on the “Trend” and 
“modifiedmk” packages in R software (Pohlert et al. 2016; 
Patakamuri et al. 2020). The mean and maximum API series 
were used in the analysis. The results of trend analysis for 
the monthly and seasonal mean of API for all monitoring 
stations are shown in Table 4. The statistical significance of 
5% was considered in the test.

The computed statistics of the MK test and the associ-
ated P values for some of the selected stations are given 
in Table 4. The trends in MK test were identified using the 
P value of 5%. Most of the air monitoring stations were 
not found with significantly increasing trends in the mean 
monthly API series. Nevertheless, significant positive 
trends in the mean monthly API series were shown by only 
a few stations. Few stations were found with the trends in 
seasonal mean API series. They are CA0024 (Paka) and 
CA0059 (Tanah Merah) stations for the SWM season and 
CA0007 (Jerantut), CA0017 (Arang), CA0022 (Kota Bahru), 
CA0034 (Kuala Terengganu), CA0059 (Tanah Merah), and 
CA0060 (Kolej Mara Banting) for the NEM season. Sen's 
slope values in Table 5 capture the magnitude of API trends. 
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Generally, increasing trends are higher than decreasing 
trends.

Furthermore, significant increasing trends exist in the 
maximum monthly API series for only five stations, which 
are Prai (CA0003), Paka (CA0024), University Sains 
Malaysia (CA0038), Kuala Lumpur (CA0058), and Kolej 
Mara Banting (CA0060) stations. The increasing trends of 
the other stations are not significant as shown in Supple-
mentary Table S3. Also, non-significant decreasing trends 
are observed in the maximum monthly API series only for 
five stations, which are Bukit Kuang (CA0002), Klang 
(CA0011), Indera Mahkota (CA0014), and Cheras (CA0054) 
and Tanah Merah (CA0059) stations. In addition, no signifi-
cant increasing trends exist in the maximum seasonal API 

series during SWM seasons. However, significant trends are 
observed for Bukit Rambai (CA0006), Paka (CA0024), Shah 
Alam (CA0025), and Kolej Mara Banting (CA0060) stations 
for the maximum seasonal API series e during the NEM 
seasons. Additionally, it can be clearly seen that the decreas-
ing trends detected in the maximum monthly API series are 
few compared to the mean monthly series (decreasing trends 
are found in only five stations). However, 13 stations (34% 
of total stations) give decreasing trends for the maximum 
seasonal API series. In addition, more significant increasing 
trends can be found in the maximum NEM season than those 
in the SWM season. Therefore, the increasing trends in the 
monthly maximum API can be attributed to several increas-
ing trends in the monthly and seasonal API. The Sen's slope 
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Fig. 8  Trend and autocorrelation plots of daily API for each year
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results are given in Supplementary Table S3 to showcase the 
magnitude of the identified trends.

Mann–Kendall statistics and Sen’s slope results for 
daily API concentrations for each year of the study period 
are shown in Supplementary Table S4. It is observed that 
significant increasing trends are presented in the daily 
API series for each year. It can also be observed that the 

significant increasing trends in the API series for most 
stations are fewer than the significant decreasing trends. 
However, the number of significant increasing trends in 
the daily series is greater than those found in the monthly 
and seasonal series. Therefore, the increasing trends in 
the daily mean API can be attributed to a large number of 
increasing trends in the monthly and seasonal API.

Table 3  Serial correlation effect 
on monthly and seasonal mean 
of API series from all stations in 
Peninsular Malaysia

Significant values are represented in bold

Station ID Monthly mean API Mean SWM Mean NEM

� RVN P value � RVN P value � RVN P value

CA0001 0.321 0.9274 0.0005 0.051 1.2647 0.1256 0.11 1.7179 0.5808
CA0002 0.440 0.8801 0.0002 − 0.30 2.2559 0.6057 0.20 1.1643 0.0879
CA0003 0.289 1.3212 0.0358 − 0.02 1.7941 0.6783 0.254 1.450 0.2747
CA0006 0.570 0.8839 0.0002 0.570 0.800 0.0072 0.269 1.2714 0.1416
CA0007 0.69 0.4776 0.0000 − 0.08 1.8176 0.7135 0.344 1.0286 0.0432
CA0008 0.31 1.4730 0.1075 − 0.04 2.0529 0.9153 0.436 1.1491 0.0817
CA0009 0.09 1.6878 0.3459 − 0.12 1.9676 0.9482 0.267 1.3214 0.1731
CA0010 0.26 1.3833 0.0578 − 0.07 1.9029 0.8453 0.344 1.3857 0.2202
CA0011 0.12 1.5313 0.1538 − 0.07 2.1029 0.8360 0.091 1.3964 0.2287
CA0014 0.41 1.0111 0.0014 0.003 1.7471 0.6098 − 0.08 2.0571 0.9114
CA0015 0.40 1.2726 0.0238 − 0.37 2.7382 0.1240 0.424 0.8678 0.0154
CA0016 − 0.02 1.9967 0.9920 − 0.15 2.1618 0.7448 0.141 1.8357 0.7486
CA0017 0.47 0.9243 0.0004 0.106 1.4824 0.2899 0.628 0.6428 0.0022
CA0019 0.43 0.8385 0.0001 0.117 1.2882 0.1391 0.131 1.492 0.3144
CA0020 0.44 1.0425 0.0022 0.290 1.4206 0.2341 0.463 0.9892 0.0343
CA0022 0.17 1.6983 0.3627 − 0.14 2.0794 0.8732 0.185 2.0679 0.8948
CA0024 0.47 0.9086 0.0003 0.118 1.050 0.0421 0.229 1.3071 0.1637
CA0025 0.17 1.4929 0.1219 − 0.13 2.0618 0.9012 0.201 1.5821 0.4106
CA0032 0.29 1.2430 0.0183 0.098 1.3618 0.1878 0.117 1.4143 0.2435
CA0033 0.46 1.1014 0.0043 − 0.34 2.4353 0.3760 0.413 1.0071 0.0382
CA0034 0.62 0.7060 0.0000 0.168 1.8022 0.6903 0.564 0.5964 0.0013
CA0038 0.33 1.3866 0.0593 − 0.29 2.2706 0.5849 0.182 1.5036 0.3260
CA0040 0.45 1.088 0.0037 0.232 1.4853 0.2928 0.321 1.250 0.1294
CA0041 0.36 1.1034 0.0044 2.150 0.034 0.7628 0.311 1.5821 0.4106
CA0043 0.51 0.8597 0.0002 0.334 0.7647 0.0053 0.283 1.3929 0.2258
CA0044 0.27 1.4288 0.0800 0.166 1.1676 0.0796 0.268 1.4714 0.2946
CA0045 0.50 0.9405 0.0006 0.101 1.8059 0.6958 0.287 1.775 0.6603
CA0046 0.29 1.4813 0.1134 0.075 1.8265 0.7268 0.174 1.2464 0.1274
CA0047 0.51 0.8898 0.0003 0.419 1.2118 0.0986 0.295 1.3464 0.1905
CA0048 0.27 1.1822 0.0102 0.065 1.8559 0.7719 0.163 1.2964 0.1568
CA0053 0.34 0.8988 0.0003 − 0.08 1.8294 0.7313 0.211 1.5929 0.4230
CA0054 0.37 1.2332 0.0167 0.460 0.9352 0.0203 0.100 1.7286 0.5954
CA0056 0.36 1.3135 0.0336 0.307 1.7588 0.6267 0.208 1.5571 0.3825
CA0057 0.37 1.0749 0.0032 0.226 1.2441 0.1146 − 0.24 2.1536 0.7646
CA0058 0.45 0.8767 0.0002 − 0.23 2.4029 0.4133 0.312 1.4464 0.2715
CA0059 0.60 1.0340 0.0019 0.403 1.3265 0.1632 0.467 1.0357 0.0450
CA0060 0.37 1.5604 0.1818 0.084 2.3324 0.5013 0.273 1.3821 0.2173
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Table 5 summarizes the overall results of the trend analy-
sis for the whole of Peninsular Malaysia using MK and Sen’ 
slope tests. Based on the results, it can be concluded that 
Peninsular Malaysia has experienced significant increasing 
trends in the mean API series in all periods except in the 
NEM season. A significant decreasing trend in mean API 
for NEM season was observed. In addition, a significant 
increasing trend in the maximum API series is only seen in 
the SWM season.

Innovative trend analysis method for API

Figure 9 shows the results of the innovative trend analysis 
approach for API series halves with monotonic and non-
monatomic trends for the most ten polluted stations during 
the study period. The IDs of these ten polluted stations are 
CA0001, CA0006, CA00011, CA0025, CA0041, CA0043, 
CA0044, CA0056, CA0057 and CA0060, and the time-
series halves plots of these stations are shown in Figure 9(a)-
(j) respectively. A scatter of points on both sides of the 1∶1 
line (the 45° line) can be clearly observed. The dashed lines 
above and below the straight line are the 5% and 10% vari-
ance lines from the 45° line. It is obvious that the mono-
tone increasing (decreasing) trend in the given time series 
falls above (below) the 1∶1 line. Figures 9(a)-(e) and (g) 
showcase non-monotonic (increasing) trends, where the low 
(high) values are more (less) in the first half than the second 

half. Whereas Figures 9(f), (h), and (i) present the opposite 
situation, where the high (low) values are less (more) in the 
first half than the second half, indicating that there is an 
increasing trend in API series during the second half of time 
series with respect to the first half. These cases correspond 
to nonmonotonic trends within the same time series there are 
increasing and decreasing trends at different scales. While 
in Figure 9(j) almost all data points are in the second half, 
this time by considering two halves and the sorting proce-
dure, indicating that time series has a monotonic trend; thus, 
it showcases a monotonically increasing trend. Generally, 
the mean monthly API time-series for most stations have a 
composition of various trend patterns (the scatter points take 
their position on a curve), indicating a nonmonotonic trend. 
The innovative trend analysis method is easy to conduct, and 
the cost of the computation is lower when compared to other 
methods. While in Figure 9(j) almost all data points are in 
the second half, this time by considering two halves and the 
sorting procedure, indicating that time series has a mono-
tonic trend; thus, it showcases a monotonically increasing 
trend. Generally, the mean monthly API time-series for most 
stations have a composition of various trend patterns (the 
scatter points take their position on a curve), indicating a 
non-monotonic trend. The innovative trend analysis method 
is easy to conduct, and the cost of the computation is lower 
when compared to other methods. This innovative method 
does not provide any magnitude of the trend; therefore, it 
is a qualitative analysis rather than a quantitative analysis. 

Table 4  Mann–Kendall 
statistics and Sen’s slope for a 
monthly and seasonal mean of 
the API concentrations

Significant values are presented in bold
Sig,  significant trend; In-sig, insignificant trend

Station ID Monthly API mean Southwest monsoon (SWM) Northeast monsoon (NEM)

Z Sen’s slope Sig/In-sig Z Sen’s slope P value Z Sen’s slope Sig/In-sig

CA0007 1.44 0.23 In-sig − 0.3 − 0.16 0.77 1.98 0.69 Sig
CA0017 3.61 0.44 Sig 0.99 0.74 0.32 3.27 1.29 Sig
CA0022 2.08 0.18 Sig − 0.2 − 0.14 0.84 1.937 0.74 Sig
CA0024 2.90 0.358 Sig 2.47 0.68 0.01 1.19 0.39 In-sig
CA0034 − 2.06 − 0.26 Sig − 0.4 − 0.08 0.69 − 2.82 − 1.18 Sig
CA0059 − 3.39 − 0.50 Sig − 1.88 − 1.25 0.050 -2.18 -0.84 Sig
CA0060 2.57 0.33 Sig 0.4 0.16 0.69 2.47 0.99 Sig

Table 5  Overall trend analysis 
for Peninsular Malaysia using 
MK and Sen’ slope tests

Significant values are represented in bold

Estimate Weekly Monthly NEM season SWM season

Mean Max Mean Max Mean Max Mean Max

Z-Value 2.17009 4.59819 1.83799 3.79257 − 1.7009 1.03586 2.79298 3.4601
Sen's slope 0.00187 0.0075 0.00019 0.00053 − 0.0051 0.00576 0.00919 0.0203
S 35,186 74,546 268,699 554,366 − 7424 4521 12,190 15,099
Var(S) 2.6*108 2.6*108 2.1*1010 2.1*1010 1.9*105 1.9*105 1.9*105 1.9*105

Sig / In-sig Sig In-sig 0. Sig In-sig Sig In-sig Sig Sig
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Therefore, this method is well used to identify the possible 
trends in API series.This innovative method does not pro-
vide any magnitude of the trend; therefore, it is a qualitative 
analysis rather than a quantitative analysis. Therefore, this 
method is well used to identify the possible trends in API 
series.

Change‑point detection for API

The values of the test statistics and the detection point for the 
Pettitt test are presented in Table 6. Significant change points 
exist if the P values are below the 5% significance level.

Fig. 9  Mean monthly API time series halves with monotonic and nonmonatomic trends for the most ten polluted stations during the study period 
(a–j)
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Fig. 9  (continued)

Table 6  Detection of change points via Pettitt test for monthly and seasonal mean API

Significant values are represented in bold

Station Monthly API Mean Southwest Monsoon (SWM) Northeast Monsoon NEM)

U statistic P value Change
point

U statistic P value Change point U statistic P value Change point

CA0003 169 0.05 January 2014 24 0.77 No 26 0.65 No
CA0006 167 0.06 No 50 0.03 2013 42 0.11 No
CA0017 210 0.01 June 2013 32 0.36 No 50 0.03 2013
CA0024 199 0.01 No 50 0.03 2013 34 0.29 No
CA0034 182 0.03 October 2013 22 0.89 No 50 0.03 2013
CA0038 173 0.05 January 2014 26 0.89 No 28 0.54 No
CA0040 109 0.45 No 28 0.54 No 20 1.00 No
CA0044 71 1.00 No 50 0.03 2013 32 0.36 No
CA0047 201 0.01 March 2013 34 0.29 No 38 0.18 No
CA0054 176 0.04 August 2013 48 0.04 2013 16 1.00 No
CA0057 96 0.63 No 50 0.03 2013 20 1.00 No
CA0059 246 0.00 August 2013 44 0.08 No 50 0.03 2013
CA0060 176 0.04 February 2013 20 1.00 No 42 0.11 No
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No significant change points were identified in the sea-
sonal means of API at most stations except a few at Bukit 
Rambai (CA0006), Paka (CA0024), Muar (CA0044), Cheras 
(CA0054), and Kota Tinggi (CA0057) from the Pettitt test. 
The changing points were found at these stations during 
the SWM season in the year 2013. On the other hand, sig-
nificant change points of API data can be found for Kedah 
(CA0017), Kuala Terengganu (CA0034), and Tanah Merah 
(CA0059) stations during the NEM in year 2013.

The change points are detected for nine stations for 
monthly mean API. These stations are CA0003, CA0027, 
CA0034, CA0038, CA0044, CA0047, CA0054, CA0059 
and CA0060 and the change points were recorded in 
months January 2014, June 2013, May 2013, September 
2013, January 2014, March 2013, August 2013, August 
2013, and February 2013, respectively. Generally, almost 
all the significant change points captured by the Pettitt test 
are in the year 2013, and only a few in 2014. The possible 

Table 7  Mann–Kendall 
statistics and Pettitt test for 
daily API concentrations in the 
study period

Significant values are represented in bold

Station ID Mann–Kendall (2012–2014) Pettitt test (2012–2014)

Z Sen’s slope P value U Statistic P value Change-point

CA0001 − 0.42461 0.0000 0.67112 47,874 0.0000 10/25/2012
CA0002 − 4.11834 − 0.00417 0.00004 78,160 0.0000 10/16/2012
CA0003 3.65538 0.00541 0.00026 71,686 0.0000 21/01/2014
CA0006 − 2.73072 − 0.00284 0.00632 112,276 0.0000 16/03/2014
CA0007 4.26928 0.0048 0.00002 67,788 0.0000 16/04/2014
CA0008 3.19176 0.00414 0.00141 68,062 0.0000 23/01/2014
CA0009 1.58756 0.00152 0.11238 40,875 0.0009 20/01/2014
CA0010 − 0.68405 0.0000 0.49395 40,741 0.0010 18/10/2012
CA0011 0.35913 0.0000 0.7195 34,155 0.0098 09/06/2012
CA0014 − 1.92289 − 0.00188 0.05449 46,269 0.0001 01/10/2013
CA0015 − 1.50731 − 0.00115 0.13173 57,033 0.0000 12/10/2012
CA0016 2.59697 0.00323 0.00941 48,655 0.0000 19/01/2014
CA0017 12.83583 0.01412 0.00000 139,601 0.0000 14/06/2013
CA0019 1.92513 0.00214 0.05421 38,549 0.0000 28/03/2014
CA0020 4.79154 0.00654 0.00000 107,395 0.0000 13/01/2014
CA0022 5.33921 0.00575 0.00000 64,033 0.0000 13/07/2013
CA0024 8.90076 0.01001 0.00000 111,756 0.0000 12/06/2013
CA0025 1.30723 0.00197 0.19114 44,876 0.0002 19/01/2014
CA0032 − 1.42922 0.0000 0.15294 67,434 0.0000 26/07/2014
CA0033 2.98421 0.00342 0.00284 80,649 0.0000 04/01/2013
CA0034 − 10.0302 − 0.01099 0.00000 126,325 0.0000 02/10/2013
CA0038 4.04962 0.00615 0.00005 60,206 0.0000 10/01/2013
CA0040 − 0.1191 0.0000 0.90519 55,645 0.0000 14/01/2014
CA0041 − 1.78494 − 0.00224 0.07427 68,792 0.0000 31/08/2013
CA0043 1.07351 0.00116 0.28304 59,194 0.0000 05/03/2013
CA0044 − 0.03909 0.0000 0.96881 49,797 0.0000 12/10/2012
CA0045 1.39809 0.00205 0.16209 44,588 0.0002 26/10/2014
CA0046 0.78085 0.0000 0.43489 41,773 0.0007 06/08/2014
CA0047 4.43039 0.00739 0.00001 96,671 0.0000 09/03/2013
CA0048 − 4.3585 − 0.00635 0.00001 72,749 0.0000 31/08/2013
CA0053 0.26879 0.0000 0.78809 42,291 0.0006 21/01/2014
CA0054 − 4.87402 − 0.00974 0.00000 72,758 0.0000 05/08/2013
CA0056 − 1.87788 − 0.00251 0.06040 34,819 0.0080 20/05/2012
CA0057 − 3.73813 − 0.0043 0.00019 71,253 0.0000 29/11/2012
CA0058 3.05542 0.00648 0.00225 60,340 0.0000 30/01/2014
CA0059 − 14.4734 − 0.01869 0.00000 169,953 0.0000 26/09/2013
CA0060 5.24309 0.00815 0.00000 67,077 0.0000 21/02/2013
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days for changing points are given in Table 6 and they can 
be related to the phenomenon of El-Nino.

Likewise, no significant change points are detected by 
the Pettitt test in the monthly and seasonal maximum API 
series for most of the stations (these results are shown in 
Supplementary Table S5). However, several exceptions were 
found. They are CA0006, CA0024, and CA0047 stations, 
and the change points in the monthly maximum API series 
were observed in February 2013, May 2013, and February 
2013, respectively. In addition, change points were detected 
at two stations CA0006 and CA0047 during the NEM season 
for 2013 and SWM season for 2012, respectively. In general, 
most of the detected change points were found in the years 
2012 and 2013. A relationship might be assumed between 

the captured detection points to the El-Nino phenomenon. 
However, further research has to be extensively conducted 
to confirm such a conclusion.

Table 7 presents the comparison results of the Mann–Ken-
dall statistic and Pettitt test for daily API concentrations dur-
ing the study period. The table showcases the increasing and 
decreasing trends with respect to their changing points. The 
bold sections are the significant trends.

Spatial distribution map of air pollution

The inverse distance weighted (IDW) interpolation method 
was employed based on ArcGIS software for investigat-
ing the increasing and decreasing trend of API series. This 
can be easily used to characterize the trends of air pollu-
tion events. IDW results describe the trend for air pollution 
events in Peninsular Malaysia, which interprets an upward 
trend, especially in southwest parts. The majority of parts of 
Peninsular Malaysia are expected to experience a moderate 
status of air quality according to the results in Fig. 10.

Figure 10 further showcases that the observed changes in 
air pollution are related to the regional effect. This indicates 
that the regional distributions of API in Peninsular Malaysia 
over time are spatially clustered.

With all these results, further attention should be given to 
the high-risk regions such as Johor, Klang, and Melaka for 
the prevention and mitigation of air pollution effects. Thus, 
the damage to the public and the environment in the future 
can be minimized.

Conclusion

Various aspects, including upward trends, downward trends, 
and changing points of trends related to API on the air pollu-
tion to Malaysia are discussed in this study. The trend anal-
ysis and change point detections of monthly and seasonal 
means and maximum API series were carried out for 37 air 
monitoring stations in Peninsular Malaysia using the nonpar-
ametric Mann–Kendall and Pettitt tests. A mix of decreasing 
and increasing trends can be observed at the API series of 
the air monitoring stations studied. Furthermore, advantages 
like the convenience of conduct and lowered computational 
cost were observed for the innovative trend method com-
pared to the MK method. However, this innovative method 

Fig. 10  IDW results for describing the trend of API occurrences in 
Peninsular Malaysia
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is a qualitative analysis rather than a quantitative analysis. 
Therefore, this method can be used to identify the possible 
trends in API series. In general, it can be concluded herein 
that the graphical analysis can be easily adapted for the 
API trend analysis for the qualitative analysis; however, for 
quantitative analysis, a statistical trend analysis is highly 
recommended.

The change point detection via the Pettitt test showed 
that most of the detection points at the stations in both 
monthly and seasonal analyses have occurred in the year 
2013. Therefore, a general pattern of moderate air pollution 
state is observed in this study. Both monthly and seasonal 
means and maximum API are significant for a few sta-
tions. However, most of the other stations were found with 
non-significant increasing trends. The significant monitor-
ing trends in the API series were found to be related to 
the presence of significant change points that have been 
detected at the station. In general, the observed status of 
unhealthy air pollution could have been impacted by the 
occurrence of the El-Nino phenomenon and other climate 
factors such as haze, which occurred due to the forest fires 
from Indonesia.

Many studies have shown that urban areas are more pol-
luted than rural areas due to the presence of heavy traffic, 
which emits a large number of pollutants into the atmos-
phere. The urban condition as well as the industrial condi-
tion, which are known to be factors that cause air pollution, 
have not been explicitly taken into account but implicitly 
taken care of in this study. The urbanized and industrialized 
effects on API can be observed based on higher values of 
monthly and seasonal mean and maximum API found in the 
cities and industrial areas. In addition, the rural areas have 
experienced lower API values. This study could have been 
made more interesting with micro-metrological parameters, 
such as relative humidity, wind speed, wind direction, and 
air. However, future research would be needed to state solid 
conclusions. Nevertheless, the impact may be swamped by 
El-Nino occurrences. Thus, future research is proposed with 
all governing parameters for a holistic study.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s13762- 021- 03672-w.
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