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ABSTRACT: Coronavirus Disease 2019 (COVID-19) pandemics have emerged in Malaysia since 18 
March 2020, which then the government has announced for Movement Control Order (MCO) as a 
method to curb the transmission in public. The air quality is expected to be good as most of the 
operations are closed. Thus, we evaluated and predicted the Air Pollutant Index (API) during the MCO 
in Malaysia for an overview of the air quality level during the pandemic. As the API is complex in the 
atmosphere, we used a nonlinear autoregressive (NAR) neural network model for the nonlinear dataset. 
Urban cities are generally having higher pollutants concentrations along with the urbanization process. 
High pollutant concentrations led to health problems, especially respiratory illness, either in the short or 
long term. We used the data from 18 March 2020 (the first day of Movement Control Order, MCO) until 
31 December 2020. Results revealed the NAR model executed higher R2 for Kuala Terengganu 
(99.23%). The optimum NAR model architectures which are trained using the Levernberg-Marquardt 
training algorithm is 1:14:1 for Kuala Terengganu. NAR neural network is capable of modeling and 
forecasting nonlinear time series during the COVID-19 pandemic. 
 
Keywords: COVID-19, Malaysia, Nonlinear Autoregressive, Movement Control Order, Levernberg-
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INTRODUCTION 
 
Urban air quality has caused many respiratory diseases due to air pollutants interactions with humans 
(Duan et al. 2020). In line with that, the Air Pollutant Index (API) is used as a communication medium 
to evaluate the risk, especially towards sensitive groups such as the children and elderly in the ambient 
air. Urban air quality is associated with respiratory problems such as asthma and bronchiolitis in children 
(Ortega-Garcia et al. 2020) and the elderly (Karimi and Shokrinezhad, 2021). Malaysian Department of 
Environment publicly displayed the API for five categories. API of 0-50 is considered good, 51-100 is 
moderate, 101-200 is unhealthy, 201-300 is very unhealthy, and above 300 is hazardous (DOE, 2021). 
Malaysia recorded the number of confirmed cases since January 2020, and the cases are escalating until 
the Malaysian government announced the Movement Control Order (MCO) to be implemented starting 
18 March 2020 (Aziz et al. 2020) as an early step to reduce the SARS-CoV-2 infections (Shah et al. 
2020). During this time, only essential services are allowed to operate. The reduction of air pollutions 
has happened chiefly all around the world. Specifically, in Malaysia, Abdullah et al. (2020) found that 
the decrease in PM2.5 is up to 58.4% during MCO (lockdown). Othman and Latif (2021) added that the 
concentrations of air pollutants are declining during the lockdown period. The world also witnessed the 
reduction of air pollutants in the atmosphere in Morocco (Khomsi et al. 2020), New York (Perera et al. 
2021), and Iraq (Hashim et al. 2021). Machine learning and artificial intelligence had to get significant 
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attention for air quality forecasting. The intelligence concept can capture the nonlinearity and 
complexity of the air pollutants in the atmosphere and vast data (Liu et al., 2021). Previously, the linear 
time series model for air pollutants was used to model linear time series (Zhang et al. 2018). API time 
series is known as the sequence of API on a time basis. On the other hand, nonlinear approaches, such 
as the nonlinear autoregressive (NAR) neural network, are a powerful tool for time series forecasting. 
Wu and Lin (2019) and Zhang et al. (2020) proved that neural network models could predict AQI in 
China. Janarthanan et al. (2021) further verified that the neural network is a compelling model for the 
prediction of AQI. Currently, Li et al. (2021) have successfully analyzed the time series of AQI before 
and during COVID-19 lockdown in Shanghai with human activities. The results can help in decision 
making and forecasting for the guidance of authority. This study aims to establish the NAR neural 
network models in an urban city during the MCO in Peninsular Malaysia.  
 
MATERIALS AND METHODS 
 
The status of air quality in Malaysia is displayed on an hourly basis by the Malaysian Department of 
Environment (DOE) via the Air Pollutant Index (API). There are six criteria pollutants measured, 
including fine particulate matter (PM2.5), coarse particulate matter (PM10), sulphur dioxide (SO2), 
nitrogen dioxide (NO2), carbon monoxide (CO), and ground-level ozone (O3). Before the API execution, 
the sub-index for each criteria pollutants are calculated, and the maximum sub-index is considered the 
API, showing the status of air quality at that particular area. The monitoring was under the concession 
of DOE and Transwater Sdn. Bhd. covers urban, suburban, industrial, and background stations. The 
stations are known as Air Quality Monitoring Station (AQMS). In this study, we used the AQMS located 
in the urban area, as urban areas are known as the areas composed of high pollutants concentrations. 
The selected AQMS is Kuala Terengganu (East region). We collect the API data in this study at the 
website of DOE (http://apims.doe.gov.my/public_v2/api_table.html). We used the data from 18 March 
2020 until 31 December 2020, as 18 March 2020 is the Movement Control Order (MCO) starting day 
in Malaysia. Artificial Intelligence (AI) is a subset of computer science that tends to develop several 
computer programs in demonstrating intelligibility. Artificial Neural Network (ANN) is one of the 
crucial groups under AI, commonly used for pattern recognition and function approximation (Cakir and 
Sita, 2020). ANN rapidly gives realistic solutions and also serves as a universal data estimation with no 
prior assumptions are made like traditional statistical prediction techniques (Mao et al., 2021). The 
generalization ability of ANN makes it very useful in function approximations whereby it able to learn 
from the previous pattern of information without supplying a mathematical model. The ideas of the 
development of ANN inspired by the human brain (Alonso-Montesinos et al., 2021). The brain-
controlled the nervous system of a human, which is composed of massive neurons. Once a neuron 
communicates with another neuron, it set up a complex connection. The human brain structure, with its 
outstanding functions assembled to form mathematical and computational models to represent the real-
world scenario. Nonlinear autoregressive (NAR) designed to forecast a time series of the past values. 
We used API data for the time series analysis. The data set is divided into three parts for training (70%), 
validation (15%), and testing (15%). We optimize the NAR model using the Levernberg-Marquardt 
(LM) training algorithm for all study areas. The best models for each study area are selected based on 
the coefficient of determination (R2). A value close to one indicates the model is adequate for API 
forecasting. We used MATLAB 2019b to establish NAR models. Equation 1 shows the NAR model. 
 
 𝑦𝑦(𝑡𝑡) =  𝑏𝑏0 +  𝑏𝑏1 𝑦𝑦(𝑡𝑡 − 1) + 𝑏𝑏2𝑦𝑦(𝑡𝑡 − 2) + ⋯+  𝑏𝑏𝑛𝑛𝑦𝑦(𝑡𝑡 − 𝑛𝑛)   (1) 
 
Where 𝑦𝑦(𝑡𝑡) is the output at time 𝑡𝑡, and 𝑏𝑏 is the coefficient.  
 
RESULTS AND DISCUSSION 
 
Air Pollutant Index (API) was calculated based on the Pollution Standard Index (PSI), which the United 
States Environmental Protection Agency (USEPA) accepted the API at the international level (DOE, 
2021). API reading generally represented by the concentration of particulate matter (PM2.5), which 
dominated among the criteria pollutants. API status has five categories, which are good (API:0-50), 
moderate (51-100), unhealthy (101-200), very unhealthy (201-300), and hazardous (>300). Figure 1 
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shows the percentage of API indication status from 18 March 2020 until 31 December 2020. API 
indicators showed that the status was good and moderate during the MCO period. Kuala Terengganu 
showed a good status with 37.02%, while the rest was moderate level. The good and moderate status 
mainly due to several prohibitions of movement and gathering activities in Malaysian such as travelling 
abroad, visitors and tourist (tourism) and educational institutions, government and private agencies 
(except for essential services) closure indirectly reduce the air pollution (Abdullah et al., 2020; Leal and 
Hernandes., 2020). The implementation of MCO is changing based on the current situations and 
confirmed COVID-19 cases. The Malaysian government has implemented several restrictions such as 
Conditional Movement Control Order (CMCO), Recovery Movement Control Order (RMCO), 
Enhanced Movement Control Order (EMCO), and Semi-Enhanced Movement Control Order. Some 
relaxation of restrictions allows the non-essential services to operate; thus, no limitation on human 
mobility. Emissions of air pollutants in Malaysia have mainly come from stationary and mobile sources, 
deteriorating the air quality. That is the main reason for the variation of API between good and moderate 
levels during MCO in Malaysia. 
 

 
Figure 2. The proportion of Air Pollution Index (API) 

 
We develop the NAR models using trial and error method, added one neuron after another. The number 
of neurons tested is in the range of 1-15. We trained the NAR model with one hidden layer. Table 1 
shows the evaluated results of the NAR model. The ranges of R2 during training (0.988553 - 0.991080), 
validation (0.984699 - 0.993351), and testing (0.983171 - 0.992255) for Kuala Terengganu. The bold 
signifies the best neuron number. The optimum neuron numbers for Kuala Terengganu is 14 (R2 = 
0.99226). Thus, the NAR model explained the variance in the data set with the highest of 99.23% for 
Kuala Terengganu. Due to the complexity of urban areas, the nonlinearity of the API time-series dataset 
conclusively is deduced as the high accuracy measure. The NAR model is a compelling model that can 
capture nonlinear and complex data, as proven in previous studies. The trial and error method in 
determining the optimum neuron number in the hidden layer is important to avoid any over and less 
fitting of the NAR model. Optimizing the NAR model via the LM algorithm's adoption helps reduce the 
bias in the model during training, validation, and testing. LM algorithm is considered the fast 
convergence that helps train the dataset as it is a combination of gradient descent and the Gauss-Newton 
method for an optimal solution (Du and Stephanus, 2018).  
Conclusively, the overall performance of the NAR model is in Figure 2. Several previous studies on 
different fields had successfully utilized the NAR model for time series forecasting. Saba and Elsheikh 
(2020) predicted the COVID-19 outbreak in Egypt and executed it with a high R2 of 0.999, using the 
Levernberg-Marquardt training algorithm. The COVID-19 prediction is also established by Khan and 
Gupta (2020), revealing a high R2 of 0.97 using the NAR model. Sunayana et al. (2021) successfully 
developed the NAR model for the monthly prediction of SWM with high accuracy in the waste 
management field. Figure 6 shows the regression equations for NAR models, and the equation used for 
time series forecasting is in Equation (2).  
 



International Symposium for Environmental Science and Engineering Research (ISESER)  
Tirana, Albania, June 11-13, 2021 

Proceeding Book of ISESER 2021 

94 

Table 2. Coefficient of Determination (R2) of NAR Model 
Neuron Number Training Validate Testing 

1 0.97682 0.99176 0.98682 
2 0.97909 0.99088 0.98885 
3 0.97297 0.99082 0.98881 
4 0.97524 0.99082 0.98913 
5 0.98002 0.98925 0.98861 
6 0.97881 0.98470 0.99040 
7 0.97373 0.99289 0.99076 
8 0.97127 0.98911 0.99154 
9 0.97543 0.98859 0.98847 

10 0.97721 0.98921 0.98317 
11 0.97599 0.99335 0.99086 
12 0.97780 0.99235 0.99212 
13 0.97658 0.99233 0.99026 
14 0.97119 0.98969 0.99226 
15 0.97688 0.99034 0.99152 

 
 

PredictedS4 = 0.99 (ObservedS4) + 0.36 (2) 
 

 
Figure 2. Performance of NAR models during training, validation, and testing 

 
CONCLUSION 
 
This study used one of the time series models of the neural network, the nonlinear autoregressive (NAR), 
to capture the nonlinear and complexity of Air Pollutant Index (API) data. The NAR models established 
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created explicitly for the API during the COVID-19 pandemic period in Malaysia. The proposed API 
NAR models showing their superiority by having high accuracy of up to 99% for prediction purposes. 
An accurate and robust NAR prediction model is necessary to promote public health, especially in urban 
areas where high pollutants exist. Adopting the NAR models for air quality management is in line with 
the Sustainable Development Goal-13 on Sustainable Cities and Communities, supporting the aspiration 
of United Nations 2030.  
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