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ABSTRACT

Forecasting air pollutant concentrations is crucial for managing pollution levels that pose significant risks to human
health and the environment. Among the various pollutants, ground-level ozone (Os) is a secondary pollutant of
particular concern due to its harmful health effects and complex formation dynamics involving nitrogen oxides (NO,)
and volatile organic compounds (VOCs) under sunlight. This study focuses on predicting ozone levels using the
autoregressive fractionally integrated moving average (ARFIMA) model, which effectively captures long memory
behavior in time series data. The research begins by analyzing ozone concentration data from three monitoring
stations across Peninsular Malaysia to identify long memory behavior. Using the Aggregated Variance (V/S) method,
the presence of long memory is confirmed through the estimated differencing parameter d, which falls between 0 and
0.5 based on the Geweke and Porter-Hudak (GPH) estimator. The Augmented Dickey-Fuller (ADF) test was employed
to assess the stationarity of the time series. Optimal ARFIMA models were selected based on the Akaike Information
Criterion (AIC), and model performance was evaluated using the Root Mean Square Error (RMSE). The selected
ARFIMA models demonstrate the lowest RMSE values, confirming their efficacy in forecasting ozone concentrations.
The findings suggest the effectiveness of the ARFIMA model in forecasting ozone concentrations, which can
significantly aid in air pollution assessment and management strategies. It contributes to understanding ozone
pollution in Peninsular Malaysia, facilitating informed decision-making for environmental policies. Future research
should explore additional time series models to strengthen the understanding of ozone dynamics and enhance
forecasting capabilities in the context of long memory properties.
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INTRODUCTION carbon monoxide (CO), and ground-level ozone (Os), all
of which contribute to the degradation of air quality.
Elevated pollutant exposure has been associated with
a spectrum of health problems ranging from acute
respiratory infections and asthma attacks to long-term
conditions such as cardiovascular disease, stroke, cancer,
and neurodegenerative disorders like Alzheimer’s and
Parkinson’s diseases (Ghorani-Azam et al. 2016; Marinov
etal. 2022; Miller 2022). Among these pollutants, ground-
level ozone has attracted particular concern due to its potent

Air pollution is increasingly recognized as a significant
public health issue, primarily due to its harmful effects on
both human health and the environment. Over the past few
decades, factors such as rapid industrial growth, rising
vehicle use, and accelerated population growth have
resulted in the release of significant amounts of pollutants
into the atmosphere. These pollutants include particulate
matter (PM), nitrogen oxides (NOy), sulfur dioxide (SO,),
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oxidative properties and adverse effects on respiratory
function. Symptoms such as coughing, wheezing, chest
tightness, and chronic bronchitis are commonly linked to
ozone exposure. Beyond human health, these pollutants
also affect the environment. They contribute to climate
change, reduce agricultural productivity, damage
ecosystems, and degrade visibility in urban and natural
areas. This study focuses on ozone concentration data in
Peninsular Malaysia, where the increasing ozone levels
have raised concerns among researchers and public health
officials, including Malaysia.

Ozone (Os), an odorless and colorless gas, is classified
as a secondary pollutant because it is not emitted directly
into the atmosphere but is formed through complex
photochemical reactions. These reactions primarily involve
nitrogen oxides (NOy) and volatile organic compounds
(VOCs), which interact under the influence of sunlight to
produce ozone (Sillman 2002; Yusoff et al. 2019). The
sources of these precursor emissions are largely
anthropogenic, originating from industrial activities,
vehicular emissions, fossil fuel combustion, and biomass
burning. The dynamics of ozone formation are highly
intricate and depend on various environmental and
atmospheric factors. Meteorological conditions such as
temperature, humidity, and wind speed play a crucial role
in influencing ozone levels. For instance, high temperatures
and prolonged sunlight during certain seasons can
accelerate photochemical reactions, leading to significant
increases in ground-level ozone concentrations, contributing
to episodic peaks in its concentration.

Understanding the temporal patterns of ozone
concentrations is essential for effective air quality
management and the development of targeted pollution
mitigation strategies. A key feature of ozone time series
data is the presence of long memory behavior, which refers
to persistent statistical dependencies that extend over long
time periods. In such cases, correlations between
observations decay slowly, meaning that historical values
continue to influence future outcomes even after
considerable time has passed. This persistence is crucial
in modeling and forecasting ozone dynamics accurately.
Long memory is typically characterized by a hyperbolic
decay in the autocorrelation function, indicating that
current values are strongly linked to past values. The Hurst
coefficient (H), a key metric for identifying long memory,
quantifies this persistence. Values of H between 0.5 and 1
indicate the presence of long memory and strong temporal
dependence in the data (A. Zhang et al. 2023).

Methods such as Rescaled Range Analysis (R/S) and
Detrended Fluctuation Analysis (DFA) are widely
employed to detect and quantify long memory behavior in
time series data. These statistical techniques assess the
fluctuations and scaling properties within the data, offering

robust tools for identifying long memory effects, which is
crucial for accurate forecasting (Eslami et al. 2020; Hurst
et al. 1965; Tang et al. 2023). Recent studies have
confirmed the existence of long memory behavior in air
pollution data, including ozone concentrations, highlighting
its significance in improving environmental modeling and
management strategies (Freeman et al. 2018; Yu et al.
2022).

This study employs the autoregressive fractionally
integrated moving average (ARFIMA) model to examine
and forecast the long memory behavior found in ozone
time series data. Unlike the traditional ARIMA model,
which assumes integer differencing, the ARFIMA model
allows the differencing parameter, d to take non-integer
(fractional) values. This flexibility enables ARFIMA to
capture the long-range dependence and persistent
correlations often found in environmental data more
effectively (Feng et al. 2019; Monge-Sanz et al. 2022). By
accounting for this persistence, ARFIMA models enhance
the accuracy of forecasts, which is critical for informed
decision-making in environmental management and public
health protection (Hogrefe et al. 2018; X. Zhang et al.
2021). In this study, the ARFIMA model is implemented
using the R statistical software package to analyze ozone
concentration data collected from three air quality
monitoring stations across Peninsular Malaysia.

METHODOLOGY

This study employs daily maximum ozone concentration
data collected from three air quality monitoring stations
located in Peninsular Malaysia, each strategically selected
to represent distinct urban and industrial environments.
These stations were chosen to capture the spatial variability
in ozone levels influenced by varying degrees of
anthropogenic activities, such as traffic emissions,
industrial operations, and population density. The inclusion
of multiple site types enables a more comprehensive
understanding of the factors affecting ozone dynamics
across different settings. The dataset covers a six-year
period, from January 2013 to December 2018, and was
obtained from the Air Quality Division of Malaysia’s
Department of Environment (DOE) Air quality
measurements are recorded reported based on the Air
Pollutant Index (API), with ozone concentrations
specifically recorded in parts per million (ppm).

Table 1 shows the list of air quality monitoring stations
selected for this study. These three stations were
strategically chosen to represent different environmental
and anthropogenic conditions, specifically urban and
industrial settings, allowing for a more nuanced



understanding of ozone pollution across varied contexts.
The Kajang station (S1), located in Selangor, represents
an urban environment characterized by dense residential
zones, commercial centers, and heavy vehicular traffic.
These conditions contribute significantly to the emission
of ozone precursors such as nitrogen oxides (NOy) and
volatile organic compounds (VOCs). In contrast, the
Kemaman station (S2) in Terengganu and the Nilai station
(S3) in Negeri Sembilan are both situated in predominantly
industrial regions. These areas host numerous large-scale
facilities, including power plants, manufacturing facilities,
and chemical processing industries, all of which are major
contributors to ozone precursor emissions. Studying these
diverse station types enables a comprehensive assessment
of how both urbanization and industrialization influence
ozone concentration levels.

TABLE 1. List of Monitoring Stations

Stations .
Code Name State Type of Station
S1 Kajang Selangor Urban
S2 Kemaman  Terengganu Industrial
s3 Nilai Neger! Industrial
Sembilan
STATIONARITY TEST

The Augmented Dickey-Fuller (ADF) test was employed
in this study to examine the stationarity of the daily
maximum ozone concentration data recorded at three air
quality monitoring stations Kajang (S1), Kemaman (S2),
and Nilai (S3). Stationarity is a crucial prerequisite for time
series modeling, particularly for ARFIMA models, as it
ensures that the statistical properties of the series, such as
mean and variance, remain constant over time. Without
stationarity, model estimates for nonstationary data can be
unreliable, and forecasts may become inaccurate due to
shifting trends or variability.

A time series is considered stationary if it does not
exhibit trends, seasonal effects, or other time-dependent
structures that could distort the analysis. In this study, the
Augmented Dickey-Fuller (ADF) test, introduced by
Dickey and Fuller (1979, 1981), is employed to evaluate
the stationarity of a series before applying the ARFIMA
models. The ADF test is implemented by considering the
following model:
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In this equation, « is a constant value, f represent the
time trend coefficient, and p is the number of lags in the
autoregressive process (Cheung and Lai 1995). The ADF
test evaluates the null hypothesis that the time series has
a unit root (i.e., the series is non-stationary) against the
alternative hypothesis that the series is stationary. The test
statistics are calculated using the following formula:

=L @)
SE(7)

With SE(y) is the standard error for 7. The null
hypothesis of unit root is accepted if the test statistic is
larger than the critical values. By applying the ADF test to
each ozone time series, this study ensures that the
preconditions for ARFIMA modeling are met, thereby
enhancing the validity and robustness of the model forecast.

LONG MEMORY IDENTIFICATION

Long memory, characterized by strong correlations
between observations over long periods, is critical in
understanding and forecasting time series data. The Hurst
coefficient is widely used for detecting the presence of long
memory or long-range dependence in time series data. A
value of H greater than 0.5 and less than 1 indicates
persistent behavior, This persistence is a characteristic of
time series that exhibit long memory, where patterns or
shocks can have prolonged effects.

In this study, the existence of long memory is
investigated based on the work of Zainuri et al. (2019),
using the Aggregated Variance (V/S) method. Let
x,: i=1,2,K ,T, represent atime series of length 7', which
is then partitioned into m sub-series, each of equal length
n. The sample variance of these aggregated sub-series is
computed as

(Var( )n =%i(x —x) 3)

_ 1 X .
where xj=;2xj.k’l=1’2»~>m is the mean for each
k=1

interval j and (%) =%ifj is the mean for every sub-series
J. Using the power law, the connection between (Var (%))
and 7 is expressed as (Var(x)) «n” with g=2H-1 and

H is the Hurst exponent (Hurst et al. 1965).
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AFRIMA MODEL (p, d, q)

Let {g} represents a white noise prose where

E(g)=0, ¥(g,)=07 and B denote the back-shift operator,
define such that BX, =X, . Then, the AFRIMA {x}
process can be written in general as follows:

®(B)x, =O(B)(1-B) "5, de(-0505) (4

where @ (B)=1-¢B —...—$,B” is the autoregressive

(AR) polynomial of order p and ©(B)=1-6B-...-6,B? is
the moving average (MA) polynomial of order ¢ and d
represents the degree of differencing.

LONG MEMORY PARAMETER ESTIMATION

In this study, the GPH estimator proposed by (Geweke and
Porter-Hudak 1983) will be used to estimate the long
memory parameter, d. The estimate of d is obtained from
the following equation:

i(xj—f) log[lx (ﬂj)]
i()‘f‘f)2

Jj=1

A
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where =

and 7, (/?,j ) be the periodogram value

m

of Fourier series with frequencies 4, :T’; j=12...,m; T is

the number of observations and m is the number of

considered Fourier frequencies.

RESULTS AND DISCUSSION

The Augmented Dickey-Fuller (ADF) test was conducted
on the daily maximum ozone concentration data from three
monitoring stations: Kajang (S1), Kemaman (S2), and Nilai
(S3). Table 2 summarizes the test statistics and corresponding
p-values obtained from the ADF test for each station. For
S1, the test statistics are -12.2979 with a p-value of 0.01;
for S2, the statistics are -7.4204 with a p-value of 0.01;
and for S3, the statistic is -12.2590 with a p-value of 0.01.
These p-values are all below the 0.05 significance
threshold, indicating strong evidence against the null
hypothesis of a unit root, which would imply non-
stationarity. The rejection of the null hypothesis for all
three stations confirms that the ozone time series data are
stationary. This finding is critical, as it validates the

suitability of applying ARFIMA models to the dataset. A
stationary series is more predictable and stable over time,
allowing for more accurate forecasting and modeling of
long memory behavior.

TABLE 2. Result for ADF test

Station Test Statistics p-value
S1 -12.2979 0.01
S2 -7.4204 0.01
S3 -12.2590 0.01

Table 3 presents the Hurst, H coefficient values for
ozone concentration time series data collected from the
three monitoring stations. The H values observed for all
three stations are within the range of 0.5 to 1, confirming
the existence of long memory in the ozone concentration
series. Kajang (S1) recorded an H value of 0.70, Nilai (S3)
recorded 0.74, and Kemaman (S2) showed the highest
value at 0.80. These results indicate that ozone levels in
all three locations are influenced by their historical values,
making them suitable for modeling with long memory time
series models such as ARFIMA.

Among the three, Kemaman (S2) demonstrates the
most significant long memory characteristics, with an H
value of 0.80. This suggests that ozone concentrations at
this industrial site are highly persistent and that any changes
or shocks in ozone levels may influence future values for
an extended period. The industrial nature of S2, with
continuous emissions from manufacturing activities, likely
contributes to the stronger persistence in the time series.
Overall, the Hurst coefficient analysis supports the
hypothesis that ozone concentration data in Peninsular
Malaysia exhibit long memory behavior, further justifying
the use of ARFIMA modeling for more accurate forecasting
and air quality assessment.

TABLE 3. Hurst, H coefficient values

Station H
S1 0.70
S2 0.80
S3 0.74

Table 4 presents the estimated values of the long
memory parameter (d), alongside the asymptotic standard
deviation and standard error for the ozone concentration
time series from three monitoring stations: Kajang (S1),
Kemaman (S2), and Nilai (S3). The estimated dd values
are 0.1656 for S1, 0.4214 for S2, and 0.2328 for S3, all
falling within the 0 to 0.5 range, thus confirming the
presence of long memory behavior in 0zone concentrations
at each station. Kemaman (S2) displays the highest d value,
aligning with its high Hurst exponent and indicating the
strongest persistence in its ozone time series.
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TABLE 4. Result of Estimating the d parameter

Asymptotic Standard

Standard Error

Station  Estimate Deviation Deviation
S1 0.16559 0.08776 0.09560
S2 04214 0.08776 0.09757
S3 0.2328 0.08776 0.09131

The presence of long memory implies that past ozone
concentrations have a lasting influence on future values.
This characteristic supports the use of models like
ARFIMA, which are designed to capture such dependencies.
Afew ARFIMA models are tested on the ozone concentration
data and the best model is chosen based on AIC values.
Lower AIC values indicate a more optimal model. Table 5
shows the value for AIC for the four models considered
for all the stations. The suitable model for S2 and S3
monitoring stations is ARFIMA (2, d, 0) with values for d
being 0.4214 and 0.2328, respectively. This model is
chosen since the AIC value is the lowest compared to the
other three models considered. Meanwhile, for the S1
station, ARFIMA (1, 0.1649, 2) has the lowest AIC value
indicating the best fit model.

One step ahead forecast for the next 100 days for ozone
concentrations at the three monitoring stations: Kajang
(S1), Kemaman (S2), and Nilai (S3) was conducted using

various ARFIMA models. The accuracy of these models
was assessed through the Root Mean Squared Error
(RMSE), a standard metric for quantifying the differences
between predicted and observed values. The RMSE values
for all three stations are shown in Table 6. For the S1
monitoring station, ARFIMA (1, 0.1649, 2) model has the
lowest RMSE. Meanwhile, for S2 and S3 monitoring
stations, ARFIMA(2, d, 0) with the values of d values of
0.4214 and 0.2328 respectively, has the lowest RMSE.
The models identified with the lowest RMSE for each
station correspond with those selected based on the Akaike
Information Criterion (AIC), reinforcing the robustness of
the model selection process. This alignment between
RMSE and AIC criteria suggests that the chosen ARFIMA
models effectively capture the underlying temporal
dynamics and long-memory characteristics of the ozone
concentration time series at each monitoring station.

TABLE 5. Result for AIC value

Station  ARFIMA (1,d,0) ARFIMA (0,d,1) ARFIMA(2,d,0) ARFIMA(1,d,?2)
S1
(d=0.1649) -33366.49 -33364.69 -33371.32 _33372.24
S2
(d=0.4214) -40378.36 -40378.16 -40379.17 -40375.39
S3
(d=0.2328) -35466.19 -35464.34 -35469.45 -35469.28
TABLE 6. RMSE values.
Station ~ ARFIMA (1,d,0) ARFIMA (0,d,1) ARFIMA (2,4, 0) ARFIMA (1,d,?2)
S1
(d=0.1649) 0.0197397 0.0197393 0.0197412 0.0196938
S2
(d=0.4214) 0.0176454 0.0176454 0.0176453 0.0176455
S3
(d=0.2328) 0.0172589 0.0172590 0.0172576 0.0172578
The estimated parameters for the selected ARFIMA S1 station:

models are shown in Table 7. Thus, the fitted/ AFRIMA
model for each monitoring station is as follows:

x, =¢,—0.8692¢, , —0.0438¢,_, +0.9363x,_,
S2 station:

x, =¢&,—0.0216x,_, +0.0004x,_,

S3 station:

x, =& +0.0757x,_, +0.0346x,_,
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TABLE 7. Result of the estimated AFRIMA (p, d, q)

parameters
Station Parameter Coefficients
S1
(d=0.1649) AR 1 0.9363
MA 1 0.8692
MA 2 0.0438
S2
(d=04214) AR 1 -0.0216
AR 2 0.0004
S3
(d=0.2328) AR 1 0.0757
AR 2 0.0346
CONCLUSION

This study examined the long memory phenomenon in
ozone concentration time series data collected from three
monitoring stations: Kajang (S1), Kemaman (S2), and Nilai
(S3) across Peninsular Malaysia. Utilizing the Hurst
coefficient derived from the Aggregated Variance (V/S)
method and the ARFIMA modeling approach, the study
confirms the presence of long memory behavior in the
dataset. The Hurst values ranging from 0.70 to 0.80, along
with fractional differencing parameters, d estimated
between 0 and 0.5, offer robust evidence of persistent
statistical dependencies in the data. This characteristic
implies that past ozone levels have a lasting influence on
future values, emphasizing the necessity of models capable
of capturing such long-range dependencies.

Through model selection using the Akaike Information
Criterion (AIC), ARFIMA (1, 0.1649, 2) was identified as
the most suitable model for the Kajang station (S1), while
ARFIMA (2, 0.4214, 0) and ARFIMA (2, 0.2328, 0) were
selected for the Kemaman (S2) and Nilai (S3) stations,
respectively. These models demonstrated superior
performance in capturing the temporal dependencies and
persistence in the ozone concentration data. The predictive
performance of these models was validated through one-
step-ahead forecasting over a 100-day horizon. Root Mean
Squared Error (RMSE) analysis demonstrated that the
models chosen based on AIC also yielded the lowest RMSE
values, confirming their forecast accuracy and reinforcing
the reliability of the ARFIMA approach for long memory
ozone data.

The implications of these findings are significant for
air quality management and environmental policymaking.
Accurate ozone forecasts are essential for issuing timely
public health advisories and implementing effective
pollution control strategies. The ARFIMA models, by
effectively accounting for long memory characteristics,

offer a robust framework for understanding and predicting
ozone dynamics in Malaysia’s varied urban and industrial
settings. However, this study also highlights the need for
further investigation into alternative time series models,
including hybrid modeling techniques, that can
accommodate non-linearities and interactions with
exogenous variables such as meteorological factors.
Integrating data-driven approaches, including machine
learning and deep learning models, may significantly
improve predictive accuracy and enhance model flexibility.
These advanced models can incorporate a wider range of
inputs and capture intricate patterns that traditional models
may overlook.

In conclusion, this study demonstrates that ARFIMA
models are valuable tools for forecasting ozone
concentrations exhibiting long memory behavior.
Nonetheless, future research should focus on combining
ARFIMA with more advanced modeling techniques and
incorporating additional environmental variables. Such
integration will be crucial in developing more robust and
comprehensive forecasting systems that can better support
proactive environmental management, minimize health
risks, and foster sustainable urban development.
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