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Abstract: Air pollution risk assessment is complex due to dynamic data change and pollution source
distribution. Air quality index concentration level prediction is an effective method of protecting
public health by providing the means for an early warning against harmful air pollution. However,
air quality index-based prediction is challenging as it depends on several complicated factors re-
sulting from dynamic nonlinear air quality time-series data, such as dynamic weather patterns and
the verity and distribution of air pollution sources. Subsequently, some minimal models have in-
corporated time series-based predicting air quality index at a global level (for a particular city or
various cities). These models require interaction between the multiple air pollution sensing sources
and additional parameters like wind direction and wind speed. The existing methods in predicting
air quality index cannot handle short-term dependencies. These methods also mostly neglect the
spatial correlations between the different parameters. Moreover, the assumption of selecting the
most recent part of the air quality time series is not valid considering that pollution is cyclic behavior
according to various events and conditions due to the high possibility of falling into the trap of local
minimum and poor generalization. Therefore, this paper proposes a new air pollution global risk
assessment (APGRA) model for predicting spatial correlations air quality index risk assessment to
address these issues. The APGRA model incorporates autoregressive integrated moving average
(ARIMA), Monte-Carlo simulation, and collaborative multi-agent system, and prediction algorithm
for reducing air quality index prediction error and processing time. The proposed APGRA model
is evaluated based on Malaysia and China real-world air quality datasets. The proposed APGRA
model improves the average root mean squared error by 41%, mean and absolute error by 47.10%
compared with the conventional ARIMA and ANFIS models.

Keywords: air quality index; air pollution; risk assessment; autoregressive integrated moving aver-
age; Monte-Carlo simulation; multi-agent system
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1. Introduction

Air quality has drawn much attention in recent years because it seriously affects peo-
ple’s health. Nowadays, monitoring stations in a city can provide real-time air quality
measures [1]. Still, people strongly desire air quality prediction, which is challenging as it
depends on several complicated factors, such as weather patterns and spatial-temporal
dependencies of air quality. Air pollution risk assessment is complex due to its dynamic
data and distributed pollution sources [2]. For instance, predicting air quality on week-
days and weekends may be different due to the difference in anthropic emissions [3]. Air
Quality Index (AQI) effectively protects public health by communicating early warnings
of harmful air pollutants. However, the prediction is challenging because it depends on
several complex factors, such as weather patterns, nonlinear time series of air quality data,
and distribution of air pollution sources [4,5]. The dynamic data and distributed air pol-
lution risk assessment sources need to be estimated relying on two phases. The first phase
is utilized to predict the AQI of a local area. The second phase is employed to assess the
global risk level based on the AQIs of local areas [6,7].

Air quality prediction aims to predict the future state of air quality in a specified
location based on existing data, like historical air quality and meteorological data. Many
types of research have been conducted to tackle the problem of assessing the air pollution
risk. Some examples are the works of [4,7,8]. However, each of them has mostly focused
on assessing the concentration of a specific pollutant parameter such as PMzs, CO, and
PMuo [7,10]. On the other hand, some approaches have been focused on predicting the
level of certain parameters that directly impact the pollution state [6,9]. The literature pro-
vides a significant number of works in air pollution prediction models either for a specific
location or specific variables. Feng et al. [11] combin air mass trajectory analysis and wave-
let transformation with artificial neural network (ANN) to improve the prediction accu-
racy of daily average concentrations of PMzs. Tong et al. [8] deploy Monte-Carlo simula-
tion (MCS) to estimate health risk conditions related to the concentration of dust-induced
occupational.

Prasad et al. [12] used an adaptive neuro-fuzzy inference system (ANFIS) for predict-
ing the concentration of several AQI parameters. However, these models predict the air
pollution concentrations based on the most recent part of the time series. This mechanism
requires larger data for producing proper prediction results. It is highly possible to fall
into the trap of local minimum [4,10]. Moreover, the learning or training of these models
with short-term prediction situations may never converge due to the training data/time
insufficiency, which might cause the algorithms to be trapped in an infinite training situ-
ation [13]. Because of these constraints, the statistical approach represents the best option.
One of the best statistical approaches that deal with short-term time series prediction is
the autoregressive integrated moving average (ARIMA) algorithm, as it only requires
prior data of a time series to generalize the prediction of the AQI model [4]. However, the
ARIMA algorithm does not produce satisfactory results for certain air pollution parame-
ters (i.e., PMiw and CO), even for a short prediction period [14-16].

On the other hand, many approaches have tackled the problem of weather variables
prediction and forecasting and pollution estimation and alarming. Each one has concen-
trated on one aspect, while some strategies have focused on predicting the level of a cer-
tain variable that has a critical impact on the pollution state [6]. Others have dealt with the
issue of lacking adequate measurement stations across the countries [9]. Moreover, some
approaches have focused on building models for estimating air pollution more accurately
based on feature selection or neural networks. Others have built one ahead forecasting
models [11,14,15] and have used fuzzy models for alarming air pollution [4,7]. Hence, a
set of neural networks and simple auto-regression forecasters can be used, such as in the
work of Westerlund et al. [17] that is validated to be superior over a single forecaster. The
literature has revealed that very limited models have been constructed to assess the global
(interaction between the pollution sources) level of air pollution. However, the dynamic
nature and high spatiotemporal variability of AQI represent a complex predicting
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problem. Hence, non-of the existing models are able to incorporate time-series data to
provide dynamic forecasting of various weather variables. This can be achieved by tack-
ling the global interaction of different locations using wind direction and speed for ena-
bling contextual forecasting added to the mathematical model. Consequently, the research
gap lies in the absence of interaction between air pollution parameters under investigation
and finding the global prediction level of the dynamic and distributed air pollution risk.

This paper identifies that the global interaction among meteorological parameters
like wind speed and wind direction at the different areas is essential in air pollution pre-
diction and risk assessment due to the nature of dynamic weather and air pollution time
series at various locations. The study in this paper aims to fill this gap by searching for
ways to overcome the conditional heteroscedasticity problem. The contributions of this
paper are represented by (i) To develop ARIMA-based MCS prediction algorithm that
integrates ARIMA and MCS algorithms for reducing AQI prediction error (ii) To propose
an air pollution global risk assessment (APGRA) model that incorporates the ARIMA-
based MCS algorithm into a multi-agent system (MAS) for dynamic and distributed as-
sessment of multiple sources of AQI risk levels, and (iii) To test and evaluate the perfor-
mance of APGRA models in terms of prediction error and time by using China and Ma-
laysia air quality datasets.

The remaining parts of the paper are organized as follows: Section 2 provides Mate-
rials and Methods. Section 3 describes the Monte-Carlo method to be used in accommo-
dating the uncertainty of the forecast. Then it presents a proposed APGRA model. Section
4 discusses the results of the APGRA model, and Section 5 provides conclusions and fu-
ture research.

2. Materials and Methods

This section covers the materials and methods which are used in this paper. At the
same time, it first explains the air pollution datasets divided into two case studies: Malay-
sia and China. Second, it explains the prediction algorithms that are used in the local risk
assessment, such as MCS and ARIMA. Third, it explains several performance measures
such as root mean square error (RMSE) and mean absolute error (MAE) used to evaluate
this work.

2.1. Air Pollution Datasets

This study utilizes two real-world air pollution datasets of Malaysia and China. The
data layout is presented as a matrix D = {xi’j }, where i =1,2..M,j=12..N, M indi-
cates the number of variables, and M indicates the number of cities, t represents the time,
and it sampled as hourly. The data is fed into the framework for one of two goals, fore-
casting one of the time series within a certain defined time horizon or evaluating a given
model configuration in terms of its forecasting accuracy in a certain time interval. Another
element of the data is the map combined with longitude and latitude for all cities with
their time series included in the matrix D. The datasets are described in the following
subsections.

2.1.1. Malaysia Air Pollution Dataset

This paper applies the heterogeneous data set, including the one-dimension series
data and the multi-dimension panel data. The one-dimension series data is composed of
the value of AQI concentrations with the change of time. For the panel data, the “Sulphur
Dioxide (SO2)”, “Nitrogen Dioxide (NO2)”, “Carbon Monoxide (CO)”, “Sulfur Dioxide
Ozone (Os)” concentrations, temperature, relative humidity (RH), wind speed (WS), and
PMio concentrations of the previous hour are selected as the input variables. The AQI con-
centrations of the current hour are the output variable of the forecasting model. The Ma-
laysia air quality monitoring network gathers the PMi, SO NO2, CO, and O
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concentrations data. The air quality monitoring stations include ten stations, as illustrated
in Figure 1.
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Figure 1. The geographic position of the Malaysia case study.

The data of air pollutant concentrations are collected from the different cities of Ma-
laysia. Table 1 shows the locations of the included states in this study. Hourly air quality
data have been collected from the eight air pollution monitoring stations during the ten
years from 2016 to 2016 in Malaysia. These stations record data of some important AQI
parameters such as the CO, NO2, Oz, and “Particulate Matter (PMio)”. These parameters
are used to calculate the AQI. AQI is a commonly used indicator defined by the United
States Environmental Protection Agency (EPA) to use air quality conditions. In order to
calculate AQI for a location, an indicator value of AQI is calculated for each of the ob-
served pollutant concentrations (CO, NO2, Os, and PMuo) using Equation (1) [18].
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Table 1. Area of air quality data in Malaysia.

NO Site State Site ID Location Latitude Longitude Type
: RO
Johor casoor oM Pasir Gudang 2, Pasir NO1°28.225 E103°53.637 Residential
Gudang, Johor
i luk Kal
Terengganu ~ CAE 002 Rk bukitKuang, TelukKalung, oo q0 060 E103225.826  Residential
Kemaman.
Pulau Pinang CAN 003~k Keb- Cenderawasib Tmn.In- G050 03 470 £100023213  Residential
derawasih, Perai
Sarawak CAK 004 Medical Store, Kuching, Sarawak NO01° 33.734 E110° 23.329 Residential
Melaka ~ CAS00 o Men. Keb. BukitRambai oo 15570 E102010.364  Residential
Melaka
Pahang ~ CAEqoy o Kajicuaca BatuBmbun, Je- 050 50538 £102020.863  Residential
rantut, Pahang
Perak CAN 008 SM Jalan Tasek, Ipoh, Perak NO04° 37.781 E101° 06.964 Residential
Pulau Pinang CAN Q09 DePerans 1]’?:;; Perai, Pulau 105003800 E100°24.194  Residential
Negeri Sembi- -\ gyg  Taman Semarak (Phase Il), Nilal, — \050 49546 £101°48877  Residential
lan N.Sembilan
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2.1.2. China Air Pollution Dataset

The Beijing multi-site air-quality data dataset comprises AQI parameters for hourly
from 10 measured air pollution monitoring locations countrywide [1]. The AQI data char-
acterizes the Beijing public environmental areas for the 24-h care center. The climatologi-
cal and meteorological data in the apiece AQI site are coordinated with China climatolog-
ical management’s adjacent climate. The historical time is from March 2013 to February
2017. Table 2 and Figure 2 show descriptive information related to the dataset.

Table 2. Area of air quality data in China.

Dataset Characteristics: Multivariate, Time-Series
Number of Instances: 420,768
Area: Physical
Number of Attributes: 18
Attribute Characteristics: Integer, Real
Missing Values? Yes
Associated Tasks: Regression

The response AQI is classified into four categories: AQI < 35ugm= (green), 35ugm-=3
<PM25<75ugm3 (yellow), 75ugm= < AQI < 150ugm= (orange) and AQI> 150ugm= (red).
The four numbers inside each colored node indicate the proportions of the AQI categories
at each layer of the branch, and the percentage represents the marginal proportion of the
sample at the node. Figure 2 shows the position of 36 air quality monitoring sites marked
as purple and red circles and 15 metrological sites marked as blue triangles.
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Figure 2. The geographic position of the China air pollution case study [1].
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2.2. Prediction Methods
2.2.1. Descriptive Statistics

Descriptive statistics are used to quantitatively describe or summarize each monitor-
ing station data’s features for further explaining their implication. Mean and median are
statistical terms introduced to understand the central tendency of the data. Minimum and
maximum show the amplitude of the time series. Standard deviation is a measure for
quantifying the amount of variation or dispersion of the data values. A low standard de-
viation indicates that the data points tend to be close to the data set's mean, while a high
standard deviation indicates that the data points are spread out over a wider range of
values. Skewness and kurtosis are applied to judge whether the sampling distribution is
normal or not. Moreover, standard error of skewness (SES) and standard error of kurtosis
(SEK) are presented to show the deviation between Skewness or Kurtosis’s values.

2.2.2. ARIMA Algorithm

ARIMA, short for the auto-regressive integrated moving average, is actually a class
of models that explains a given time series based on its own past values: its own lags and
the lagged forecast errors so that Equation can be used to forecast future values. Any ‘non-
seasonal time series that exhibits patterns and is not a random white noise can be modeled
with ARIMA models [4]. An ARIMA model is characterized by three terms: p, d, q. Where
p is the order of the AR term, q is the order of the MA term, d is the number of differences
required to make the time series stationary. If a time series has seasonal patterns, then add
seasonal terms and become SARIMA, short for seasonal ARIMA. The first step to building
an ARIMA model is to make the time series stationary. Because the term “Auto Regres-
sive” (AR) in ARIMA means it is a linear regression model that uses its own lags as pre-
dictors. Linear regression models work best when the predictors are not correlated and
are independent of each other. The most common approach is to subtract the previous
value from the current value. Sometimes, depending on the complexity of the series, dif-
ferences might be needed. Therefore, the value of d is the minimum number of differences
needed to make the series stationary. If the time series is already stationary, then d = 0.
“p” is the order of the AR term. It refers to the number of lags of Y to be used as predictors.
And “q” is the order of the “Moving Average” (MA) term. It refers to the number of lagged
forecast errors that should go into the ARIMA Model. We adopt for forecasting the famous
ARIMA model that is given by the Equation:

I 0 1,1 I,L I,L
d'x’ = o d'xZ; +apd'x, + - apd'x” )+ ue+ Byug + o Pylie—g 2)

2.2.3. Monte Carlo Simulation

Monte Carlo simulation (MCS) algorithms are mainly used in three problem classes:
optimization, numerical integration, and generating draws from a probability distribu-
tion. MCS is one of the most common methods used to accommodate the uncertainties
associated with many risk-related problems [8,19,20]. It has been recognized as a means
of quantifying variability and uncertainty in risk assessments by the National Academy
of Sciences and USEPA. This method provides a quantitative way to estimate the proba-
bility distributions for exposure risks and provides more information for making deci-
sions related to risk protection. The widespread use of MCS in risk assessment promises
a significant improvement in these assessments’ scientific rigor [20]. The MCS method
generally requires three main steps, which are intended as follows:

Step1: Construct a descriptive procedure to the probabilistic process:

e Built an appropriate probability model according to the simulated object’s char-
acteristics;
e Find a suitable distribution function to the desired solution;

Step2: Achieve sampling method from a known probability distribution:
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¢ Generate a random variable (or random vector) with a known probability distri-
bution;

e Generate a random variable of a sample;

e Establish the sampling method of the random distribution;

Step3: Establish various statistical estimators:

e Simulate a random variable as the solution to the object problem;
¢ Find the unbiased estimator.

Many statistics problems involve nested expectations and thus do not permit con-
ventional MCS estimation. For such problems, a nest estimator, terms in an outer estima-
tor, involve calculating a separate and nested expectation [19]. Nested expectations occur
in a wide variety of portfolio risk management problems [21]. Tackling such problems
requires some form of nested estimation scheme in the MCS. In this approach, MCS sim-
ulated as an interest in estimating quantities of the form:

Ez = [FEWIZ)] (3)
where Z represents deferent risk scenarios, and E[W | Z] represents exposure, conditional
on the scenario.

2.3. Modeling Dynamic and Distributed Behavior

Dynamic and distributed problem solving is achieved by employing a MAS that has
the behaviors and methods of interaction, communication, and collaboration [22,23]. The
dynamic behaviors of the agent help the statistical methods such as ARIMA or MCS to
perform dynamic prediction tasks and assess the risk with the availability of dynamic data
sources [24,25]. The term “agent”, or software agent, has found its way into many tech-
nologies and has been widely used, for example, in artificial intelligence [26], data pro-
cessing [25], operating systems [27], healthcare [28], and computer networks [28] litera-
ture. An agent can execute several behaviors concurrently. However, it is important to
note that the scheduling of behaviors in an agent is collaborative rather than preemptive
(as for running threads). This means when behavior is scheduled for execution, its action
method is not called and runs until it returns but dynamically deliberate the selection of
action options based on the agent and the environmental conditions [22,29].

On the other hand, the distributed risk assessment problem depends on the agent
communication and collaboration features. Each agent represents a location or city in mul-
tiple cities environment in which the agents need to communicate with each other to as-
sess the global risk of air pollution [23,30]. Agent communication is probably the most
utilized feature of the Java Agent DEvelopment Framework (JADE) [31]. The communi-
cation paradigm is based on asynchronous message passing. Thus, each agent has a “mail-
box” (the agent message queue) where the JADE run-time posts messages sent by other
agents [30]. The receiving agent is notified whenever a message is posted in the mailbox
message queue. However, the agent picking up the message from the queue for pro-
cessing is a design choice of the agent programmer. This process is depicted in Figure 3.
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Get the message
Prepare the message from the queue
for Agent 2
Send the message

Post the message in
Agent 2’s message queue

Distributed JADE run-time [+

Figure 3. The asynchronous message passing in a MAS [31].

Each message includes the following fields: (i) the sender of the message, (ii) the list
of receivers, and (iii) the communicative act (also called the “performative”) indicating
what the sender intends to achieve by sending the message. For instance, if the performa-
tive is REQUEST, the sender wants the receiver to act, if it is INFORM, the sender wants
the receiver to be aware of a fact. The content containing the actual information to be ex-
changed by the message (e.g., the action to be performed in a REQUEST message, or the
fact that the sender wants to disclose in an INFORM message, etc.). The content language
indicates the syntax used to express the content. Both the sender and the receiver must be
able to encode and parse expressions compliant with this syntax for the communication
to be effective.

2.4. Evaluation Metrics

In order to evaluate the performance of a forecasting system, we use several model
performance measures such as MAE, RMSE [25]. The formulas of the statistical measures
used herein are as follows:

1 n
MAE :—Z Vi — il ©)
ni:l
L -y,
RMSE = w (7)

Y; and y; are the forecast value and the observed value, respectively. MAE and
RMSE are applied as the performance criterion of the prediction model to quantify the
errors of forecasting values. In general, the smaller the values, the better the prediction or
the closer the estimator approaches the actually observed ones.

3. Air Pollution Global Risk Assessment (APGRA) Model

The Air Pollution Global Risk Assessment (APGRA) model consists of local air pol-
lution risk assessment and Global air pollution risk assessment. The local air pollution risk
assessment has an improved ARIMA-based MCS algorithm that performs local forecast-
ing to the AQI risk of a particular area or city. Subsequently, in the Global AQI risk as-
sessment, the APGRA model offers more accurate and global-oriented AQI forecasting
through deploying MAS architecture in which agents are controlling the ARIMA-based
MCS algorithm of cities. The APGRA model performs based on agents’ interaction and
processing of the AQIs” parameters.
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3.1. Air Pollution Local Risk Assessment

This section explains the usage of the MCS to accommodate the uncertainty of the
forecasting method presented in the ARIMA-based MCS algorithm. The concept of using
MCS is to exploit the repeated sampling of the operation of the ARIMA outcomes to pro-
vide a more accurate description of the forecasting results of the local air pollution risk
assessment. The ARIMA-based MCS algorithm defines a set of parameters that describe
our usage of the MCS. Firstly, the algorithm selects the time interval that is used to fit the
simulation model. ARIMA(p, 1, q, i, j) function has the p, g, I, which are the same as pre-
sented earlier, and i, j represents the subject time series type and city that is under simu-
lation. Secondly, the algorithm selects the time interval T past that is used for fitting
ARIMA(p, 1, q, i, j), and users assign it. Thirdly, the ARIMA-based MCS algorithm selects
the time horizon T_future that the forecasting model uses. Fourthly, the algorithm selects
the number of runs N_runs that MCS uses. The simulation results are two variables,
namely, y_forecasted and o_forecasted.

Table 3 shows the ARIMA-based MCS. The main task of the MCS is to execute the
forecasting of the ARMIA that is fitted in the requested T_past for the requested
T_future. This procedure is repeated several times equal to N_runs, representing the
number of simulations. After accumulating all the forecasted time series, we calculated
the random process summarized by the distribution of the predicted time series. Assum-
ing that the distribution is normal, the ARIMA-based MCS algorithm offers two series,
y_forecasted, which provides the forecasted time series, and o_forecasted, which provides
an indicator of the confidence or risk of the local AQI forecasting.

Table 3. Air pollution local risk assessment algorithm.

Input
initial input< ARIMA (p, I, q, i, j); T_past; T_future; N_runs; y_history>;
initial output<y_forecasted, sigma_forecasted>;
Output
Y=[;
Start
prediction model = fitARIMA (T_past, p, I, q, i, j);
for t =1 until No_runs do:
y_forecasted = forecast (model, T_past, T_future);
Y = add(y_forecasted);
end
sigma_forecasted=sqrt(variance(Y));
y_forecasted=avg(Y);
End

3.2. Air Pollution Global Risk Assessment

The issue with the previous algorithm of the ARIMA-based MCS algorithm is its non-
awareness of the global aspect regarding possible interaction between individual cities. In
order to overcome this matter, the APGRA model is designed to assess a global value of
the AQI that takes into account dynamic parameters reading at multiple, distributed local
stations. The global model is developed based upon a MAS architecture consisting of
many local agents representing a specific city. Local AQI forecast values are aggregated
into the APGRA model based on the city’s wind speed and direction under study. Figure
4 depicts the single-agent processing and how to be communicated with MAS.
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Figure 4. A single agent processing cycle.

The decisions affect the interval of training the agents” models and the horizon of
forecasting and prediction. Each agent is equipped with an ARIMA-based MCS algorithm.
The concept of collaborative MAS is essentially in estimating the global air pollution risk.
In collaboration, agents work together to solve a complex problem of global risk while
achieving their personal goals of local risk. The risk assessment visualization is a module
used to present the risk assessment results for local and global risks. Based on Figure 4,
the inputs of the APGRA model come from two sources: data provider and risk level, as
shown in Figure 5. Firstly, the data provider is the historical time series data of various
pollution and weather variables collected across all cities in the last T,, years. Secondly,
the risk level is used to feed the data to the model by a mediator agent. The data fed into
each city’s computation layer is a combination of N agents, where N denotes the number
of variables provided. Each agent is responsible for using the data to build the correspond-
ing variable and the city’s primary prediction algorithm. The agents are denoted as Ai,j
where i=12...M and j =1,2...N indicates the number of variables, and M indicates the
number of cities.
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Figure 5. Air Pollution Global Risk Assessment (APGRA) model.
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Figure 6 illustrates an example of local air pollution prediction and global air pollu-
tion assessment. The example consists of two neighboring cities that have an interaction
effect. Each city has different local and global parameters with variable concentrations or
values used to predict the local and global risk. The local pollution parameters are CO,
NOz, O3, SOz, and PMuo. In contrast, the global meteorological parameters are wind direc-
tion and wind speed. The local parameters are used to predict the local air pollution risk
via utilizing the ARIMA-based MCS algorithm. Next, assess the global air pollution risk
levels based on wind direction and wind speed by using the APGRA model.

Local ) Local
Predication Giobal Predication
NOx o Assessment
Local q Agent q Local
Parameter PM10 ,,' E Collaboration HH g PM10 Parameter
PM2.5 City it \ PM2.5
/ 5 i
' ’ ~\
Parameter - - Parameter
Wind Speed Wind Speed

Figure 6. An example application of the APGRA model.

Agents communicate with each other, and the coordinator agent (mediator Agent) is
responsible for interacting with the user and commanding two components; global AQI
reading and local ARIMA-based MCS forecasts. This model includes the global risk as-
sessment agent, which interacts with other agents to estimate the global risk as shown in
Table 4.

Table 4. Air pollution global risk assessment algorithm.

Input
A (1, j) //i=1, 2..n number of cities; j=1, 2...m number of time series //this represents the original
agent’s models
WS(1) //wind speed at city i
WD(i) //wind direction at city i
R //Radius of interaction
SpeedT //lower speed effect
Output
AI(i,)) //this represents the model after modifying with global interaction
Start
for i=1: n //to go through all cities
cities=find Cities (i, R) /for each city we find influencing city
for k=1: length(cities)
if (WS(k)>SpeedT and WD(i) is toward location of city k)
for j=1:m
Al (1, j) =alpha*WS(k)*A (k, j) /to change all-time
series to be affect by the source city
end
AL (1)) =A (1)) AL (1))
end
end
end
End

Based on Table 4, assuming that the A (i,j) represents the agent that is responsible
for forecasting. When a request for forecasting is given to A;(i, j), a circle with a radius R
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will be created around the city i. Hence the surrounding cities will be taken as the source
of effect to the subject model of A (i,j). The effect source is represented as SE(i,j) =
(@1, a5, - aje). Next, a vector of influence factors for each of the agents” SE(i, j) is cre-
ated based on the wind direction and speed described by the pseudocode.

This vector is called fWE(,j) = (Wj;,Wjy, ... Wj). Then the forecasting model at the
city i and the variable j will be as shown in Equation (4).

Ags(i’j)zAS(i’j) + le X ajl + WjZ X a]'2+. . W]'e X a]'e:As(i,j) + SE WE (4)

The pseudo-code in Table 4 begins by scanning the cities one by one using the loop
given in line number 1. Next, each city builds a circle around the city with radius R, and
it checks the wind speed and direction of the subject city. If the wind speed is higher than
a predefined threshold speed and the wind direction is towards the subject city, then it
will be regarded as a source of effect to the subject city. Then the algorithm goes through
the time series of the subject city one by one and changes them to include the effect of the
corresponding time series of the subject city. A coefficient factor named alpha is used for
adding the effect. After summing the effects of all source cities for a certain time series, it
will be added to the subject city.

3.3. Risk Forecasting

The role of the APGRA is to issue an alarm when the AQI reaches a certain time series
that indicate high risk. This alarm will be issued in a probabilistic way using the results of
the ARIMA-based MCS and has been calculated using Equation 5.

Ny,

P, = P(y(®) > L) =1 (5)

Ng

3.4. Correlation Analysis

Correlation analysis is used to quantify the degree of relationship between two con-
tinuous variables, such as in between an independent and a dependent variable or be-
tween two independent variables. The correlation analysis is meant to prove or validate
the correctness of the air pollution risk assessment operation. Figure 7a—e highlights the
correlation between AQI reading and the concentrations of the parameters that affect air
quality in the Malaysia case study, which are Os, PMi, NOz, CO, and SO:. The figures
show that Os, NOz, and CO concentrations are around 0.2, with SOz having an even lover
correlation of 0.08. These concentrations indicate a very low relationship with the AQI
reading but will alert the prediction system if the concentrations increase. The highest
correlation between the concentrations and the AQI is of PM10, which correlates with
around 0.7. This indicates a high presence of particulate matter <10 um in Malaysian air.
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Figure 7. Correlation between AQI levels and all parameters in Malaysia.

Next, Figure 8a—e highlights the correlation between AQI reading and all parameters
that affect air quality in the China case study, which are Oz, PM1y, NO2, SOz, and PM:s.
From the figures, it can be seen most of the concentrations correlations are higher in China
as compared to Malaysia. Correlations of Os and NO: are low, around 0.2 and 0.3, respec-
tively. Other parameters show a high correlation with AQI in China, with SOz around 0.6,
while PM:z5 and PMuo are both around 0.9.
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Figure 8. Correlation between AQI levels and all parameters in China.

For both case studies in Malaysia and China, the correlation analysis shows that the
particulate matter, which is small enough to be suspended in the air, has a high degree of
relationship with the AQL In general, particle matter less than 10 um in diameter can get
deep into the lungs and some cases, into the bloodstream, which must be monitored
closely by both countries. This implies that PM2s, tiny particles in the air that are two-,
one-half microns or less in width, pose the greatest risk to health as compared to PMuio.
Studies show that ambient PM2s concentrations were significantly associated with influ-
enza-like illness (ILI) risk in Beijing, China [11].

4. Results and Discussion

Prediction of the air pollutant concentrations represents a complex Spatio-temporal
problem due to the dynamic nature and high Spatio-temporal variability in air pollution
data. This section presents the results of the AQI prediction between three models; (1) the
base model ARIMA, (2) the ANFIS model of Prasad et al. [12], (3) the improved ARI
APGRA model by MA-based MCS algorithm. The prediction models’ performance is eval-
uated based on accuracy based on MAE and RMSE as well as prediction ability based on
the coefficient of determination Rz

4.1. Comparison between AQI Prediction Models

The experiments aim to examine the proposed models’ effectiveness in predicting
AQI concentrations for 1-day and 2-day in advance. The results are compared between
the real AQI values against the base models of ARIMA, ANFIS, and the APGRA model
for two separate case studies from Malaysia and China. Based on Table 5, the best predic-
tion in the Malaysia case study is achieved for 1-day prediction is at City 10, and 2-day
prediction is at City 7. The prediction of the first day yields a lower error than the second
day since the prediction error for one day in advance is brought into the next day’s pre-
diction. The APGRA model produced the best results as compared to the direct approach
in the APGRA and ANFIS models for both 1-day and 2-day predictions. This shows that
the APGRA model plays an important role in obtaining good prediction results with ap-
proximately 41% improvement on RMSE. This is attributed to incorporating the uncer-
tainty into the prediction, which allows for exploiting the repeated sampling of the oper-
ation that improves the accuracy of the forecasting. From the aspect of absolute errors, as
measured by RMSE and MAE, the best prediction for 1-day is achieved by City 10 using
MCS. The fact that City 10 produced lower absolute error than other cities indicates the
importance of the local environment where a station locates. City 10 is located in the zone
of “clean source”. Therefore, the low variability of AQI concentrations makes it easier to
predict than other cities. Nevertheless, the best Rz is achieved for both 1-day and 2-day
predictions at City 8, which indicates that the relative measure can objectively evaluate
the prediction model in different backgrounds. The AQI prediction results showed a good
Ra. Moreover, ARIMA produced better results than the APGRA model and ANFIS
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approach for both 1-day and 2-day prediction in terms of processing time. The result
shows that the best algorithm among the three is the APGRA model in terms of RMSE
and MAE as it achieves an average Rz of 0.772, RMSE of 1.891, MAE of 1.642and time of
7.57. The basic ARIMA average Rz of 0.571, RMSE of 3.22, MAE of 2.874, and time of 5.97.
The ANFIS benchmark average R of 0.48, RMSE of 3.7, MAE of 3.33 time of 10.37.

Table 5. Comparison between the three AQI prediction algorithms in Malaysia dataset.

AQI 1-day advance prediction

Metric Cityl City2 City3 City4 City5 City6 City7 City8 City9 City10
< Rz 0.83 0.24 0.33 0.47 0.87 0.34 0.48 0.92 0.89 0.34
S RMSE 3.84 2.83 4.99 2.66 3.78 2.77 2.18 3.11 4.71 1.33
E MAE 3.45 2.69 4.40 2.32 3.40 2.26 2.04 2.78 4.30 1.10
Time 7.20 6.30 5.20 6.30 6.50 4.70 3.80 6.60 6.90 6.20
Rz 0.91 0.75 0.50 0.64 0.89 0.88 0.73 0.94 0.92 0.56
¢ RMSE 2.15 1.08 2.05 1.24 3.08 1.92 1.02 2.47 3.10 0.80
= MAE 1.90 1.03 1.89 1.06 2.60 1.60 0.88 211 2.70 0.65
Time 8.40 8.30 6.20 8.30 7.50 6.70 6.80 7.50 7.90 8.10
. Rz 0.8 0.6 0.4 0.3 0.8 0.1 0.1 0.9 0.7 0.1
= RMSE 4.3 3.3 5 3.2 4.5 4 2.3 3.4 5 2
QZ: MAE 4 3.1 44 2.7 4.1 3.5 2 3 4.8 1.7
Time 10.40 12.30 9 11 9 9 9 11 12 11
AQI 2-day advance prediction
Metric Cityl City2 City3 City4 City5 City6 City7 City8 City9 Cityl0
< Rz 0.12 0.20 0.30 0.39 0.01 0.02 0.25 0.82 0.80 0.10
S RMSE 19.40 9.20 5.90 22.30 14.80 8.10 3.60 6.76 12.60 16.20
E MAE 15.30 7.20 5.31 16.80 12.00 6.90 3.36 3.80 10.50 11.38
Time 9.20 7.40 7.20 7.30 7.50 6.70 6.80 8.80 8.30 7.30
Rz 0.20 0.50 0.40 0.40 0.89 0.08 0.75 0.90 0.88 0.49
¢ RMSE 10.90 5.36 4.52 11.30 4.47 2.50 1.72 4.14 9.00 4.60
= MAE 7.96 3.75 3.77 8.51 3.54 1.95 1.42 2.66 7.00 2.80
Time 9.80 9.40 9.80 9.50 9.20 8.70 8.30 9.80 9.30 9.30
. Rz 0.1 0.4 0.6 0.4 0.1 0.1 0.3 0.9 0.8 0.2
= RMSE 19 9.3 3.9 22 14 8 2.7 3.2 12 16.4
QZ: MAE 15.6 7.4 3.3 17 12 7 2.3 2.9 10 11.7
Time 13 15 14 15 14 13 14 15 15 14

Based on Table 6, the best prediction in the China case study is achieved for 1-day in
City 1, and 2-day is at City 3. The prediction values of the first-day yield lower error than
the second day. This can be explained by the theory of error accumulation since the fore-
casting error for one day in advance is brought into the next day’s prediction. The ARIMA-
based MCS results better than the direct approach ARIMA and ANFIS models for both 1-
day and 2-day forecasts. This confirms the ability of the Monte-Carlo simulation to accu-
rately reproduce the sample, which boosts the predictive power of ARIMA. The results
show that the ARIMA-based MCS algorithm plays an important role in obtaining good
prediction results with approximately 47 % improvement on RMSE. As measured by
RMSE and MAE, the best prediction is achieved for 1-day using the APGRA model from
the aspect of absolute error. Nevertheless, the best Rz is achieved for both 1-day and 2-day
predictions, which indicates that the relative measure can evaluate the prediction model
in different backgrounds.

Subsequently, the APGRA model provides the best solution among the three in terms
of RMSE, MAE, and Rz. The model achieves an average R» of 0.852, RMSE of 7.509, MAE
of 5.909, and time of 3.34. The basic ARIMA average Rz of 0.718, RMSE of 14.14, MAE of
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11.86, and time of 2.65. The ANFIS benchmark model achieves an average R: of 0.615,
RMSE of 13.426, MAE of 11.4146, and time of 7.7.

Table 6. Comparison between the three AQI prediction algorithms in China dataset.

AQI 1-day advance prediction

Metric Cityl City2 City3 City4 City5 City6 City7 City8 City9 City10
< Rz 0.97 0.94 0.55 0.89 0.58 0.45 0.66 0.40 0.81 0.93
S RMSE 4.45 9.78 6.14 10.0 5.46 20.2 21.4 30.4 19.1 14.24
E MAE 3.32 8.39 5.38 8.54 4.88 15.1 16.7 26.3 17.4 12.46
Time 2.70 3.00 2.50 2.80 2.30 2.70 2.70 2.80 2.90 2.10
Rz 0.98 0.95 0.83 0.91 0.73 0.81 0.93 0.50 0.91 0.97
¢ RMSE 2.70 4.64 2.95 5.70 2.30 16.7 9.80 11.0 12.9 6.40
= MAE 1.80 3.75 2.40 4.54 2.00 11.7 7.10 9.80 10.7 5.30
Time 3.10 3.90 3.10 3.90 3.10 3.10 3.90 3.10 3.10 3.10
. Rz 0.8 0.8 0.40 0.79 0.63 0.25 0.69 0.14 0.73 0.92
= RMSE 4.43 10.3 6.09 8.99 6.12 13.3 19.7 30.0 20.5 14.7
QZ: MAE 3.22 8.6 5.1 7.9 5.41 10.8 15.9 26 18.3 12.9
Time 7 8 7 8 8 7 8 9 8 7
AQI 2-day advance prediction
Metric Cityl City2 City3 City4 City5 City6 City7 City8 City9 City10
< Rz 0.90 0.86 0.69 0.64 0.89 0.74 0.52 0.30 0.58 0.817
S  RMSE 15.8 221 11.1 15.0 13.2 30.3 25.2 38.7 21.6 18.98
E MAE 9.91 17.2 8.42 11.1 9.38 25.6 21.5 30.3 20.1 16.25
Time 3.20 4.10 4.10 4.10 4.30 3.20 3.20 3.20 4.30 4.30
Rz 0.94 0.87 0.76 0.75 0.96 0.85 0.82 0.40 0.81 0.90
&)  RMSE 11.6 15.7 7.20 11.2 9.70 21.9 15.0 27.0 13.7 11.50
=  MAE 6.80 10.6 4.70 7.40 6.00 17.9 11.8 17.0 12.1 9.00
Time 4.10 4.90 4.80 4.90 4.80 4.80 4.80 4.10 4.80 4.10
. Rz 0.9 0.8 0.5 0.6 0.8 0.7 0.5 0.5 0.5 0.8
= RMSE 16 22 11 15 13.5 30 24 39 23 19
<Zt MAE 10 17 8 11 9.5 26 21 30 20 16
Time 9 9 8 8 9.20 9.30 9.20 9.40 8.90 8.60

4.2. Results of Global Air Pollution Risk Assessment Model

The APGRA model is the best prediction algorithm because it scores the lowest error
from the earlier analysis. However, the AQI’s prediction poses a distributed problem be-
cause the pollution risks are distributed in multiple places of cities. In turn, the process of
risk as a prediction model is important to aggregate the risks from various local stations
as represented in cities in both Malaysia and China case studies. Moreover, finding the
risk level from AQI of various parameters is one of this research’s main objectives. As a
result, this paper proposes a Global Air Pollution Risk Assessment (APGRA) model based
on a collaborative multi-agent architecture where each city is modeled as a collaborative
agent. This model, therefore, aggregates risk input from multiple agents residing in dis-
tributed cities to produce a single global air pollution prediction value. An APGRA model
is implemented in a system for testing and evaluation to achieve this. Figure 9a shows the
mediator agent in APGRA with a dynamic selection of the number of agents to work with.
The mediator agent in the APGRA model is responsible for decision-making depending
on the information that comes from multiple agents (cities). The information that comes
from the multi-agents includes the configuration of the main agent, the direction of the
wind, the threshold for the error of prediction, the amount of data, the information that
sent between each agent to others, the main city understudy, and other cities affected by
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the main city. The main agent aggregates all risk information calculated by the multi-
agents depending on the individual AQI level in each city. The parameter of air pollutions
in this research depends on the case study. Malaysia, for example, does not measure PMzs
in all cities. The mediator agent in APGRA monitors and visualizes the current range of
data as determined by the user, along with options to filter data by year, month, and day.
APGRA also provided the option to choose the model for calculating local AQI prediction,
such as the ARIMA-based MCS. This model relies on cooperative multi-agents to produce
the global assessment of air pollution. Figure 9b shows the cooperation process among the
single-agent representing a single city. Assessment becomes more complex and challeng-
ing. Subsequently, a global air pollution risk
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Figure 9. The implementation results of the APGRA model.

Figure 10a,b show the global AQI values from all cities in the different case studies
(Malaysia and China). Note that the proposed ARIMA-based MCS algorithm conducted
local prediction of AQI levels. Subsequently, the APGRA model under this multi-agent
architecture produces a singular global air pollution risk prediction value.
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Figure 10. The AQI levels of different cities.
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The APGRA model depends on the wind data, which are the wind speed and wind
directions, to produce the global prediction value. This is important to illustrate the dy-
namic changes of air pollution risks for a specific city concerning other cities. Wind direc-
tion determines the direction of pollution, while wind speed determines the zone pollu-
tion. There exists a direct correlation between the pollution zone and wind speed. When
the wind speed increases, the zone of pollutions increases as well, and this relationship
can be shown by the APGRA. Figure 11 explains how the APGRA model work relies on
wind data in several cities in Malaysia with a ring of pollution zone between 0.5 km to 5

km.
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Figure 11. The radius of pollution.

Based on Figure 11, if the wind speed is normal at 5km/h, the zone pollution will be
0.5km (refer to Figure 11a). If the wind speed is between 10 to 20km/h, the zone pollution
will be 1km (refer to Figure 11Db). If the wind speed is between 20 to 30km/h, the zone
pollution will be 2km (refer to Figure 11c). Finally, if the wind speed is more than 30km/h,
the zone pollution will be 5km (refer to Figure 11d).

Table 7 explains the results of the global air pollution risk assessment model that
depends on wind data to calculate the interaction pollution among cities for two cases
study (Malaysia and China). The proposed model calculates the air pollution level for each
city then calculates the global air pollution level for all cities. The wind speed response on
the area of pollution zones, whereas the area of pollution zone increases proportionally to
wind speed. The wind direction responds to the direction of pollution, which might also
affect the other cities. The obtained results of the APGRA model are compared with the
actual data of the ten cities in both case studies. The estimated risk levels of the 10 cities
in both case studies have a full match. This indicates that the APGRA model correctly
predicts the global risk levels. This is attributed to the ability of APGRA to assess the
global value of the AQI and takes into account dynamic parameters reading at multiple,
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distributed local stations. Therefore, the prediction model becomes aware of the global
aspect regarding possible interaction between individual cities, which improves the pro-
posed APGRA.

Table 7. Sample of global air pollution risk levels.

AQI 1-day advance assessment of risk level in Malaysia dataset

Results Cityl City2 City3 City4 City5 City6 City 7 City 8 City 9 City 10
Risk level good good moderate good  good good good moderate moderate  good
Affected by none none 7,9 none 3,8 none none 7,9 none 9
Effect on none none 5 none none none 3 5 7,3,10 none
Effect zone 1 2 0.5 1 1 0.5 2 2 2 1
Rz 0.9 0.6 0.5 0.8 0.7 0.6 0.6 0.7 0.8 0.6
RMSE 1.06 2.6 2.98 1.7 1.8 2 22 3.1 1.3 1.9
MAE 0.7 1.2 1.7 1.2 1.37 1.5 1.55 1.78 0.9 1.3
Time 3.20 5.30 4.20 3.30 3.20 4.90 4.80 3.20 3.90 5.10
AQI 1-day advance assessment of risk level in China dataset
Results Cityl City2 City3 City4 City5 City6 City 7 City 8 City 9 City 10
Risk level moderate good moderate good good moderate good moderate good good
Affected by  none 9 4 none  none none none 4 none 4
Effect on none none none 8,3,10 none none none none 2 none
Effect zone 0.5 0.5 1 1 0.5 0.5 0.5 2 0.5 0.5
Rz 0.6 0.6 0.8 0.8 0.9 0.5 0.7 0.7 0.8 0.9
RMSE 2.8 3.2 4.5 5 5.2 5.1 4.8 5.8 6.8 4
MAE 21 2.4 3.2 3.75 4.1 3.6 3.4 4 4.5 2.8
Time 3.70 3.20 3.10 3.20 3.20 3.20 3.20 3.70 3.90 3.20

Table 7 appointed the RMSE, MAE, Ry, and processing time. The APGRA model has
a great matching with actual data that achieved low errors, good processing time, good
ability, and flexibility, representing R.. At the same time, the Malaysia case study’s aver-
age performance metrics are Rz of 0.7, RMSE of 2.064, MAE of 1.32, and time of 4.11. Like-
wise, China’s case study average performance metrics are Rz of 0.73, RMSE of 4.72, MAE
of 3.385, and a time of 3.36.

5. Conclusions

This paper proposed a new air pollution global risk assessment (APGRA) model for
predicting spatial correlations AQI risk assessment to address these issues. The APGRA
model incorporates autoregressive integrated moving average (ARIMA), Monte-Carlo
simulation (MCS), and collaborative multi-agent system (MAS), and prediction algorithm
for reducing AQI prediction error and time. The proposed APGRA model is evaluated
based on Malaysia and China’s two real-world air quality datasets. The APGRA model
improved the average Root Mean Squared Error (RMSE) by 41%, Mean and Absolute Er-
ror (MAE) by 47.10% when compared with the conventional ARIMA model and ANFIS
model. The accuracy level of the ARIMA-based MCS algorithm was stably higher than
that of ARIMA. Especially, RMSE and MAE of ARIMA-based MCS algorithm generate
significant improvements, which helps to estimate the variation trend of the AQI concen-
trations. The proposed model provided the variance prediction in addition to AQI con-
centrations prediction expressing more information on the forecasting target. We ana-
lyzed and explained the AQI concentrations prediction with the ARIMA-based MCS al-
gorithm, and the simulation results proved outstanding adaptively to the proposed
model. The ARIMA-based MCS algorithm can be applied to other AQI forecasting if the
model’s appropriate input variables are selected. Some issues still need further investiga-
tion. This includes PM2semission data for the study area that were not available. The PM:s
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with complex components exhibits a high correlation with the other AQIs. It is rather re-
markable that the influence of PM2s5 on AQI should be considered in the forecasting sys-
tem. The PM:25with complex components is another issue that exhibits a high correlation
with the other AQIs. Therefore, it is rather remarkable that the influence of different AQIs
on PMzs should be considered in the forecasting system. As we mentioned before, the
APGRA model solves the global pollution interaction between cities depending on a local
ARIMA-based MCS algorithm developed in this paper and some additional parameters
such as wind speed and wind direction. The issue with the ARIMA-based MCS algorithm
is the cost of the simulation, resulting from the need to apply significant values of p and
q that led to consuming processing time.
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