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Abstract This study aims to predict monthly columnar
ozone in Peninsular Malaysia based on concentrations of
several atmospheric gases. Data pertaining to five atmo-
spheric gases (CO2, O3, CH4, NO2, and H2O vapor) were
retrieved by satellite scanning imaging absorption spectro-
metry for atmospheric chartography from 2003 to 2008
and used to develop a model to predict columnar ozone in
Peninsular Malaysia. Analyses of the northeast monsoon
(NEM) and the southwest monsoon (SWM) seasons were
conducted separately. Based on the Pearson correlation
matrices, columnar ozone was negatively correlated with
H2O vapor but positively correlated with CO2 and NO2

during both the NEM and SWM seasons from 2003 to
2008. This result was expected because NO2 is a precursor
of ozone. Therefore, an increase in columnar ozone
concentration is associated with an increase in NO2 but a
decrease in H2O vapor. In the NEM season, columnar
ozone was negatively correlated with H2O ( – 0.847), NO2

(0.754), and CO2 (0.477); columnar ozone was also
negatively but weakly correlated with CH4 ( – 0.035). In
the SWM season, columnar ozone was highly positively
correlated with NO2 (0.855), CO2 (0.572), and CH4

(0.321) and also highly negatively correlated with H2O
( – 0.832). Both multiple regression and principal compo-
nent analyses were used to predict the columnar ozone
value in Peninsular Malaysia. We obtained the best-fitting
regression equations for the columnar ozone data using
four independent variables. Our results show approxi-
mately the same R value (& 0.83) for both the NEM and
SWM seasons.
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1 Introduction

While ozone is one of the least prevalent gases present in
our atmosphere, it is an important chemical constituent that
is implicated in the atmospheric energy budget as well as
atmospheric chemistry, air quality, and global change
(Dueñas et al., 2004; Ahammed et al., 2006; Lin et al.,
2008). Even though ozone is recognized as one of the main
greenhouse gases and exerts significant effects on the
radiation budget of the atmosphere, it is considered to be a
secondary pollutant (Wu and Chan, 2001). Abrupt changes
in atmospheric ozone caused by high levels of surface
ozone and anthropogenic emissions may create environ-
mental problems and contribute to climate change
(Vingarzan, 2004).
Ozone consists of critical atmospheric trace gases in the

stratosphere and troposphere because it functions as an
oxidant and greenhouse gas (Toh et al., 2013). The
majority of ozone gases are found in the upper part of the
atmosphere, particularly the stratosphere, more than 10 km
above the Earth’s surface. Approximately 90% of atmo-
spheric ozone is contained in the ozone layer of the
stratosphere while the remaining 10% is found in the
troposphere. The troposphere extends from the Earth’s
surface to the tropopause, from 10 km to 18 km, and is the
atmospheric layer in which humans live and emit chemical
compounds from anthropogenic activities (Reddy et al.,
2012).
On the ground, ozone is a harmful pollutant that

endangers lung tissues and the ecosystem (Bian et al.,
2007). In the presence of sunlight, nitrogen oxides (NOx)
react with volatile organic compounds (VOCs) to form
ozone. VOCs are emitted from various sources, such as
motor vehicles and other industrial sources. On the other
hand, stratospheric ozone is beneficial because it is the
only atmospheric component that absorbs harmful ultra-
violet (UV) rays from the sun before they can reach the
Earth’s surface. Without stratospheric ozone, humans
would be exposed to large amounts of ultraviolet-B (UV-
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B) radiation with wavelengths ranging from 0.2 μm to
0.28 μm (Tan et al., 2012a, 2014b).
Southeast Asia has recently experienced rapid economic

and industrial development that has resulted in an increase
in the amount of air pollutants released into the atmo-
sphere. These pollutants have created significant issues
with tropospheric ozone chemistry that need to be
addressed. In Southeast Asia and other tropical countries,
biomass burning, particularly forest fires, also contributes
to the amount of tropospheric ozone (Pochanart et al.,
2001; Tan et al., 2012b). Although numerous studies on
ozone in Southeast Asia have been conducted, there have
been few that focus specifically on the ozone trends over
Peninsular Malaysia even though Malaysia has undergone
rapid economic development and urbanization in recent
years, resulting in an increase in the consumption of fossil
fuels with the concomitant increase in emissions of air
pollutants, particularly in industrial areas and cities (Tan et
al., 2012c).
In Malaysia, previous studies have relied on ground

station data due to the lack of observational greenhouse gas
data since studies using satellite data have not considered
equatorial areas (Tan et al., 2014a). In the last three years,
however, there have been many studies employing green-
house gas satellite data fromMalaysia and equatorial areas.
These studies are especially important because they can
account for the influence of the monsoon on atmospheric
parameters. The Malaysian climate is dominated by a
strong northeast monsoon (NEM) from November to April
and a southwest monsoon (SWM) from May to October.
These monsoons exert different influences on atmospheric
parameters in Malaysia depending on the climate or the
amount of pollutants as well as the contribution of the
many regional sources of pollutants (Rajab et al., 2013).
Thus, satellite data can be useful in investigating the
relationship between atmospheric variables and atmo-
spheric ozone over Peninsular Malaysia.
Satellite remote sensing is one of the most effective

approaches for monitoring the distributions of greenhouse
gases on a global scale at very high spatial and temporal
resolution (Baker et al., 2010), and provides an alternative
for evaluating the influence of human anthropogenic
activity on climate change. The free, downloadable data
from the satellite scanning imaging absorption spectro-
meter for atmospheric chartography (SCIAMACHY)
onboard the ENVISAT can be used to observe the Earth’s
greenhouse gas concentrations (Tan et al., 2014b).
Multiple regression analysis (MRA) is one of the most

frequently used methodologies to determine the depen-
dence of a response variable on several independent
variables and is usually applied to obtain a linear input-
output model for a specific data set (Al-Alawi et al., 2008).
However, the regression approach can encounter major
problems when independent variables are correlated with
each other (Abdul-Wahab et al., 2005). Hence, an

alternative method should be used to eliminate multi-
collinearity; multivariate data analysis (MDA), in parti-
cular, is an effective alternative technique used to address
this limitation. MDA techniques have been widely applied
in environmental research, specifically in trend and
relationship analysis (Statheropoulos et al., 1998). Many
MDA methods can be used, but principal component
analysis (PCA) is one of the most common techniques used
in air quality studies to analyze large environmental data
sets (Vaidya et al., 2000). In previous studies, PCA
methods have been successfully used to identify important
factors influencing ozone concentrations and to examine
ozone variations (Lengyel et al., 2004).
Primarily, this study aimed to develop a regression

model of the columnar ozone over Peninsular Malaysia
during the NEM and SWM seasons, using as predictors
concentrations of four atmospheric gases (carbon dioxide:
CO2, methane: CH4, water vapor: H2O vapor, and nitrogen
dioxide: NO2). Seven years of satellite data, from January
2003 to December 2009, were considered in this study.
Data from six of these years (January 2003 to December
2008) were acquired to analyze and develop predictive
regression models of columnar ozone, and the data from
2009 were used to validate and compare our results. The
satellite data were analyzed in terms of atmospheric
parameters (O3, CO2, CH4, H2O vapor, and NO2) obtained
from SCIAMACHY nadir spectra levels 2 and 3. This is
the first study to use SCIAMACHY satellite data to model
ozone in Peninsular Malaysia.

2 The SCIAMACHY instrument

The SCIAMACHY, which is on board the ENVISAT as
part of the atmospheric chemistry payload of the European
Space Agency’s third Earth observation mission, is the first
satellite instrument whose measurements are sufficiently
precise and sensitive to detect all greenhouse gases. As
such, observations are possible at all altitudes down to the
Earth’s surface (Schneising et al., 2008a). The ENVISAT
flies at an altitude of 795 km above the Earth’s surface in
near synchronous polar orbit and passes by the equator
with a descending node at 10:00 a.m. local time.
The SCIAMACHY is a passive remote sensing instru-

ment that measures reflected, scattered, and transmitted
solar radiation from the atmosphere. It is comprised of
eight spectral channels between 214 and 2,380 nm at a
moderate spectral resolution between 0.2 nm and 1.4 nm
(Bracher et al., 2005). The spectral region from 214 nm to
1,750 nm is determined in six adjacent channels, and the
two remaining channels cover the regions from 1,940 nm
to 2,040 nm and 2,265 nm to 2,380 nm, respectively. An
extraordinary characteristic of the SCIAMACHY is that its
spectroscopic observations are based on alternating nadir
and limb viewing geometries. For the total columnar ozone
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(in DU) retrieved from the SCIAMACHY, the effective
spatial resolution varies between 30 km along the track and
between 30 km and 240 km across the track. TheWeighting
Function Modified-Differential Optical Absorption Spec-
troscopy (WFM-DOAS) algorithm was developed to
retrieve atmospheric data at the Institute of Environmental
Physics of the University of Bremen in Germany.

3 Data and methodology

3.1 Site description and data collection

Peninsular Malaysia is located between 1° to 7° north
latitude and 99° to 105° east longitude in Southeast Asia
(south of Thailand, north of Singapore, and east of the
Indonesian island of Sumatra). The area of Peninsular
Malaysia is approximately 131,587 km2 with an estimated
population of 21 million (Fig. 1) (Tan et al., 2014b).
Peninsular Malaysia experiences a tropical climate

throughout the year; the weather is warm and humid
with temperatures ranging from 20°C to 32°C (Omar,
2009). The climate in this region is considerably
influenced by the mountainous topography and complex
land-sea interactions. Intra-seasonal and intra-decadal
fluctuations, such as the El Niño-Southern Oscillation,
Indian Ocean Dipole, and Madden Julian Oscillation,

significantly influence the inter-annual climatic variability
of Malaysia (Tan et al., 2014a). The highest monthly
average temperatures occur in April, May, July, and
August whereas the lowest average monthly temperatures
are recorded from November to January.
The two rainy seasons in Peninsular Malaysia are due to

the effect of the NEM from November to March and the
SWM from May to September. Two inter-monsoon
seasons occur in between (Yonemura et al., 2002). The
SWM is drier than the NEM, which brings higher amounts
of rainfall to the country. Lighting and variable wind
thunderstorms develop in the afternoon during the inter-
monsoon periods (www.met.gov.my).

3.2 Data acquisition

The available temporal resolutions of the SCIAMACHY
standard products are daily, every 6 days, and monthly
(Richter et al., 2005). In this study, all of the retrieved data
(CO2, CH4, H2O vapor, NO2, and O3) from the
SCIAMACHY satellite were acquired and developed by
the Institute of Environmental Physics (IUP) at the
University of Bremen, Germany. Both of the SCIAMA-
CHYproducts acquired from WFM-DOAS (WFM-DOAS
version 2.1 Level 3 of XCO2 and WFM-DOAS version
2.0.2 Level 3 of XCH4) were developed by the Institute of
Environmental Physics (IUP) at the University of Bremen

Fig. 1 Geographical features of the study area (Source: http://www.mapsofworld.com/lat_long/malaysia-lat-long.html and http://en.
wikipedia.org/wiki/Peninsular _Malaysia).

K. C. TAN et al. A statistical model to predict total column ozone 65



(Schneising et al., 2008b). XCO2 is the dry air column
averaged mole fraction of CO2 in ppm (parts per million)
while XCH4 is the dry air column averaged mole fraction
of CH4 in ppb (parts per billion). The SCIAMACHY
WFM-DOAS Level 3 product contains gridded data at a
monthly resolution that are produced from the correspond-
ing Level 2b files filtered according to the recommended
approach for each gas. The XCO2 and XCH4 files are
located in Level3_XCO2_monthly_grid_QUALgood and
Level3_XCH4_monthly_grid_QUALgood, respectively.
The scientific algorithm, WFM-DOAS, was developed

to retrieve CO2 columns from the SCIAMACHY nadir
spectra (Schneising et al., 2008b. WFM-DOAS was
developed at the Institute of Environmental Physics
(IUP) at the University of Bremen, Germany,). The
WFM-DOAS is a method that simultaneously retrieves
the NIR nadir measurements of the SCIAMACHY
instrument in the CO2 absorption band from the spectral
region of 1,558 nm to 1,594 nm and the oxygen-A
absorption band from the spectral region of 755 nm to
775 nm to generate the dry air column averaged XCO2 (in
ppmv). The WFM-DOAS was also used to simultaneously
retrieve the near-infrared measurements of the SCIAMA-
CHY instrument in the CO2 absorption band from the
1558‒1594 nm spectral region and the oxygen-A absorp-
tion band at the 755‒775 nm spectral region to generate the
dry air column averaged mixing ration of methane, XCH4

(in ppbv) assuming a constant CO2 mole fraction of 370
ppm (Buchwitz et al., 2005).
In addition, the SCIAMACHY daily H2O total column

data are retrieved from the spectral measurement of the
visible wavelength region of approximately 700 nm using
the Air Mass Corrected-DOAS (AMC-DOAS) method.
The SCIAMACHY H2O vapor level 2 Version 1.0 data are
derived from the SCIAMACHY reprocessed level 1b V5
data set. The measurement can only be made on the
daytime and cloud-free ground scenes because the AMC-
DOAS method is used to analyze data in the visible
spectral range (Mieruch et al., 2008). The extraordinary
quality of the AMC-DOAS method is that the derived H2O
columns are not affected by the calibration using radio-
sonde data, which is frequently applied to data in the
microwave spectral region. The AMC-DOAS algorithm is
based on the DOAS approach, which is used to process the
information found in the differential absorption structures.
The retrieval of the SCIAMACHY daily level 2 NO2

tropospheric column version 0.7 is based on the DOAS
method (Richter et al., 2004), which retrieves the slant
column density (SCD) along the light path through the
atmosphere for a given spectral window. Some factors
affect the slant column, such as the solar zenith angle, the
viewing geometry and the amount and vertical distribution
of the absorber in the atmosphere. After accounting for
these, the analysis focuses on the correction for strato-
spheric absorption, which can be performed by deducting
the NO2 column over a clean study area. Finally, an air

mass factor (AMF) based on radiative transfer calculations
is used to convert the balance of the tropospheric slant
column to a geometry-independent tropospheric vertical
column.
The implementation of the WFM-DOAS retrieval

algorithm successfully improves the quality of total
column O3 version 1.0 level 2 data (daily), which is
retrieved from between 325 nm and 335 nm at a spectral
resolution of approximately 0.2 nm. The WFM-DOAS
algorithm has been used to retrieve total column O3

SCIAMACHY nadir spectra (Stephens et al., 2007), and it
can directly retrieve vertical column O3 largely due to its
vertically integrated O3 weighting functions, which are
then compared with O3 cross-sections of sun-normalized
radiances (Coldewey-Egbers et al., 2005). In addition,
WFM-DOAS also considers slant column path length
modulation as a wavelength function. The standard DOAS
algorithm generally ignores this consideration.
All of the standard products from the SCIAMACHY

nadir spectral levels 2 and 3 are downloaded from the
SCIAMACHY website, and the following steps are
involved in converting these data from the ASCII file
into a table in MS-Excel. The data for each parameter are
extracted and added to the same table. The parameters that
were selected in this study are O3, CO2, CH4, H2O vapor,
and NO2. The observed CO2 and CH4 (0.5°�0.5°), H2O
(non-gridded data), and NO2 (0.125°�0.125°) values were
converted into 1°�1.25° latitude/longitude projections to
be at the same spatial resolution as the O3 data. The
converted (CO2, CH4, H2O vapor, and NO2) data in the
new 1°�1.25° spatial resolution were combined with the
O3 data, which is already at the 1°�1.25° spatial
resolution.
Previous research has demonstrated the influence of

meteorological parameters, such as wind speed and wind
direction, on ozone concentrations. This study examines
the relationship between atmospheric variables and ozone.
In addition, the SCIAMACHY does not provide meteor-
ological parameter data, so it is impossible to incorporate
the meteorological variables into the prediction models.
Indeed, data from different satellites cannot be combined
with the SCIAMACHY data due to the different spatial and
temporal resolutions. Therefore, this study focuses on
predicting columnar ozone using only atmospheric vari-
ables.

3.3 Method of analysis

The method most frequently used for the meteorological
prediction of ozone is MRA (Tan et al., 2013). MRA is
used to express the dependence of a response variable on
several independent variables to obtain a linear input-
output model for a given data set (Al-Alawi et al., 2008).
PCA is a method that optimizes the correlation between a
set of variables to form new variables that are uncorrelated
or mutually orthogonal. This approach involves conduct-
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ing an analysis of covariance between factors to reduce the
dimensionality of environmental data sets. Compared with
MRA, PCA performs well in terms of handling indepen-
dent variables, but MRA cannot be applied when
predictors are used in a regression equation, particularly
in cases in which independent variables are highly
correlated (multi-collinearity). Each principal component
(PC) accounts for a percentage of the variance, which
decreases as the order of each PC increases (Azid et al.,
2014). In general, the number of independent variables is
represented by the number of PCs. However, original
observations are usually only attributed to the first few PCs
in most of the variations in the data set. Thus, the first PC
explains the majority of the variation in the data followed
by the second mode that fits the remaining variance and so
on.
PCA is suitable for regression equations because the

new variables that arise eliminate problems associated with
multi-collinearity, thus optimizing spatial patterns.. Pre-
dictors in linear regression analysis can be selected by
obtaining a varimax rotation of the original variables
associated with the first few PCs. The main purpose of
performing varimax rotation is to ensure that one PC is
maximally correlated with each variable and has a near
zero value with the other components (Statheropoulos et
al., 1998). Furthermore, PCA has been performed in all
forms of geophysical measurements, particularly when
confusing data are obtained, because this approach is
simple and non-parametric (Vaidya et al., 2000).
In the current study, PCA and MRA were combined to

establish a more accurate prediction model of the columnar
ozone value using other atmospheric parameters as
predictor variables. PCA is purposely used to filter large
amounts of data to determine only the significant
independent variables affecting the observed ozone levels.
This study focused on the factors that affect ozone
concentrations during the NEM and SWM seasons, and a
correlation matrix was generated for each data set to assess
the pairwise associations among the various variables. The
results from the PCA were used in a stepwise principal

component regression analysis. The selected PCs were
used in the regression equation, in which ozone was the
dependent variable. The selected variables with high
loadings on the rotated PCs were then used in MRA.

4 Results and discussion

4.1 Analysis of ozone data

Table 1 shows the Pearson correlation matrices of the
variables for the NEM and SWM seasons that occurred
during the study period. Statistically significant correlation
coefficients (ρ< 0.05) are highlighted in bold. The
columnar ozone was negatively correlated with H2O but
positively correlated with CO2 and NO2 during both the
NEM and SWM seasons from 2003 to 2008. This result
was expected because NO2 is a precursor of ozone.
Therefore, an increase in the columnar ozone concentration
is associated with an increase in NO2 and a decrease in the
H2O level. In the NEM season, the columnar ozone was
negatively correlated with H2O ( – 0.847) but positively
correlated with NO2 (0.754) and CO2 (0.477); the
columnar ozone was also negatively but weakly correlated
with CH4 ( – 0.035). In the SWM season, the columnar
ozone was highly positively correlated with NO2 (0.855),
CO2 (0.572), and CH4 (0.321). The columnar ozone was
also highly negatively correlated with H2O ( – 0.832).
H2O vapor had a significant impact on the chemical and

radiative characteristics of the stratosphere. Increasing
amounts of H2O vapor may give rise to radiative cooling of
the stratosphere and affect chemical processes , and in this
study, H2O vapor induced changes in O3 concentrations
and caused radiative responses in the stratosphere. The
highly reactive molecule known as hydroxyl (OH), which
is produced by the photochemical breakdown of O3 in the
presence of H2O vapor, will directly destroy O3 in both the
lower and upper stratosphere. OH can react with many
pollutants, which in turn depletes O3. Thus, increasing
H2O vapor gives rise to more radical OH and thus greater

Table 1 Pearson correlation matrices of the different variables in the NEM and SWM seasons

Season Variable CO2 CH4 O3 H2O NO2

NEM season CO2 1 0.366 0.477 0.316 0.215

CH4 1 – 0.035 0.243 0.112

O3 1 - 0.847 0.754

H2O 1 – 0.371

NO2 1

SWM season CO2 1 0.39 0.572 – 0.252 0.337

CH4 1 0.321 0.127 – 0.161

O3 1 - 0.832 0.855

H2O 1 – 0.29

NO2 1
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O3 loss. Furthermore, Tian et al. (2009) found that the
chemically induced effects of increasing H2O vapor led to
an overall decrease (approximately 1%) of O3 in the
tropics.
The results showed that columnar ozone correlated

negatively with CH4 in the NEM but positively in the
SWM. During the NEM season, the production of CH4 is
low due to the fewer sunny hours. Tropical cyclones
impact the weather of Peninsular Malaysia as well and
significantly affect the emission of CH4. Furthermore, the
minimal hydroxyl (OH) levels reduce oxidation with CH4

and the concentration of columnar ozone in the atmosphere
because the primary CH4 sink of is the oxidation of CH4 by
OH and the resulting formation of ozone (Johnson et al.,
2002). Therefore, CH4 fluxes were relatively low during
the NEM season. During the SWM, the CH4 concentration
peak in the atmosphere was caused by the biogenic sources
of CH4, which usually include the fermentation of organic
waste, swamps, and paddy rice fields (Wang et al., 2001).
Due to urban expansion and the increasing population,
waste is increasing as well. The higher seasonal tempera-
ture degrades organic substances to CH4 at a faster rate and
increases the concentration of CH4 in the atmosphere. In
addition, non-biogenic sources of CH4, such as the
combustion of fossil fuels, also increase the concentration
of CH4 in the atmosphere in Peninsular Malaysia.

4.2 PCA results

A significant degree of multi-collinearity was observed
among the atmospheric parameters due to the strength of
their correlations (Table 1). PCA can be used to effectively
reduce the dimensionality of a data set that involves a large
number of interrelated variables. We initially transformed

the predictor variables into an equal number of PCs to
obtain a small number of components that could explain
the majority (approximately 60% to 90%) of the total
variation in the predictor variables.
After transforming these variables, we maximized the

loading of a predictor variable on one component using a
varimax rotation; application of PCA followed by an
orthogonal rotation method (varimax rotation) yielded a
ranked series of factors. Table 2 summarize the results of
the varimax rotation on the four PCs and the extent of the
variance accounted for by each component in the NEM and
SWM seasons. For each particular PC, the variation was
attributed to the loading of a variable. In PCA, the loadings
with absolute values> 50% are selected to interpret the PC
(Abdul Wahab et al., 2005). An eigenvalue≥1 for a PC is
one of the criteria indicating its statistical significance
(Kaiser criterion).
The first two PCs accounted for> 69% and> 68% of

the total variation in NEM and SWM seasons, respectively
(Table 2). In the NEM season, the first PC accounted for
42% of the total variation in the data set, and this PC
loaded heavily on [H2O] with a small contribution from
[CO2]. The second PC, which accounted for approximately
27% of the total variation, was loaded heavily on [NO2]
with a slight contribution from [CH4]. The remaining PCs
were represented by the rest of the variables, which
accounted for a small proportion of the total variation. The
trend in the data for the SWM season was similar to that of
the NEM season for the first two PCs (Table 2). As the
main factors responsible for the first and second PCs, the
atmospheric variables identified by the PCAwere selected
as independent variables and used in the stepwise multiple
regression analysis; only the original independent variables
that were significant in explaining the variation in the

Table 2 Rotated principal component loadings for the NEM and SWM seasons

Season Variable PC1 PC2 PC3 PC4

NEM season CO2 – 0.537 – 0.146 0.236 0.003

CH4 0.167 0.496 0.024 0.164

H2O 0.824 – 0.392 0.076 0.327

NO2 0.037 - 0.946 0.094 0.219

Eigen value 2.822 1.317 0.992 0.68

% of variance 42.447 27.332 19.842 7.595

Cumulative % 42.447 69.779 89.621 97.216

SWM season CO2 – 0.352 – 0.054 0.024 0.1

CH4 0.25 0.444 0.173 0.105

H2O 0.931 – 0.175 0.102 0.112

NO2 0.152 - 0.849 0.248 0.124

Eigen value 2.925 1.188 0.96 0.76

% of variance 43.495 24.751 19.208 9.339

Cumulative % 43.495 68.246 87.454 96.793
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transformed columnar ozone were selected. Table 3
summarize the results of the data analysis for the NEM
and SWM seasons, respectively.

4.3 Model fitting

The previous section of the paper discussed the selection of
a subset of the predictor variables that resulted in the best-
fitted columnar ozone regression equation through MRA.
The criteria used to select the original independent
variables included high loading for each PC to generate a
regression equation with a high coefficient of determina-
tion after substituting the values (Al-Alawi et al., 2008).
For both the NEM and SWM seasons, Tables 2 and 3 were
used to match a PC in the regression analysis with
independent variables. [H2O] and [NO2] were selected
from PC1 and PC2, respectively, and these two variables
function as predictor variables in the subsequent regression
analysis. The following columnar ozone models of the
NEM and SWM seasons were derived (in Dobson units).
For the NEM season:

ðPCA1ÞO3 ¼ 251:152 – 0:928H2Oþ 0:102NO2: (1)

For the SWM season:

ðPCA2ÞO3 ¼ 258:822 – 0:872H2Oþ 0:218NO2: (2)

4.4 Comparison and validation of regression equations

Validation was conducted between the predicted columnar
ozone regression equations and the observed columnar
ozone values obtained from the SCIAMACHY. To
evaluate the columnar values of ozone from Eqs. (1) and
(2), we conducted a linear regression correlation of two
months selected from (PCA1) for NEM and from (PCA2)
for SWM in 2009 for all of Peninsular Malaysia. Validation
was also conducted with a linear regression correlation for
all the months of 2009 over Petaling Jaya Station. Figure 2
shows the two months selected from the NEM and SWM
seasons in 2009, respectively: 1) March and April and 2)
July and August. The results showed that the predicted
columnar ozone regression equation yielded a strong
correlation coefficient for both the NEM and SWM season
models using two variables, [H2O] and [NO2]. The
adjusted coefficients (R2) were 0.769, 0.789, 0.7, and
0.802 for March, April, July, and August, respectively.

Furthermore, a high adjusted coefficient (R2) of approxi-
mately 0.852 was obtained for Petaling Jaya Station.
The coefficients of the regressions were highly sig-

nificant, and the ρ-values of these coefficients were< 0.05
(ρ< 0.05). SPSS software was used to perform the relevant
statistical analysis and generate the ρ-value associated with
the test statistic and a confidence interval for the mean
difference by an independent samples t-test. The highly
correlated results indicated that the predicted regression
equations for columnar ozone are accurate, so the predicted
ozone from the PCA in this study is quite similar to the
observed ozone in 2009 for both the NEM and SWM
seasons. The columnar ozone predicted by Eqs. (1) and (2)
was plotted against the observed value from the SCIA-
MACHY (Fig. 2).
The monthly differences between the columnar ozone

values observed by the SCIAMACHY, predicted from the
model, and measured by the Atmospheric Infrared Sounder
(AIRS) and in situ at Petaling Jaya Station from January to
December 2009 are shown in detail in Fig. 3. Figure 3 also
shows that the predicted values can exhibit the same
pattern as the observed values; predicted monthly
columnar ozone is quite consistent with observed columnar
ozone for most of the months in 2009. Slight discrepancies
between the predicted and the observed values and the
observed means and in situ measurements were observed
during the NEM season. These findings could be attributed
to factors not considered in this study, including
meteorological parameters (relative humidity, wind
speed, precipitation, and temperature).
The predicted curve also shows ripples that parallel the

in situmeasurements throughout the year. Columnar ozone
was predicted to determine the accuracy of our proposed
model, and the result revealed a close compatibility
between the predicted columnar ozone values and the
observed mean from the in situ measurements at Petaling
Jaya Station. This finding shows the accuracy and
efficiency of both predicted PCA1 and PCA2 regression
equations generated using the combination of MRA and
PCA methods to predict columnar ozone in Peninsular
Malaysia.

5 Conclusions

Ozone is normally present in the atmosphere in very low
quantities, but as it becomes more prevalent, it is

Table 3 Linear regression model used to predict columnar ozone using principal components

Season Predictors Constant PC1 PC2

NEM season Adjusted R2 0.859 0.867

Estimated regression coefficient 251.152 0.928 0.718

SWM season Adjusted R2 0.757 0.802

Estimated regression coefficient 258.822 0.872 0.691
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considered to be one of the main pollutants affecting
human health and the environment. This study provides
information regarding the total columnar ozone in
Peninsular Malaysia from 2003 to 2008 and provides the
basis of a short-term forecasting tool, which uses other
atmospheric variables as predictors that can be used to
accurately predict columnar ozone. Six years of satellite

data (2003 to 2008) were used to develop the regression
equations and calculate the columnar ozone over Penin-
sular Malaysia during the NEM and SWM seasons using
both PCA and MRA methods.
Columnar ozone was negatively correlated with H2O but

positively correlated with CO2 and NO2 during the NEM
and SWM seasons from 2003 to 2008. This result was

Fig. 2 Predicted versus observed columnar ozone values for (a) March, (b) April, (c) July, (d) August, and (e) Petaling Jaya Station for
2009.
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expected because NO2 is a precursor of ozone, so an
increase in columnar ozone concentration was associated
with an increase in NO2 and a decrease in the level of H2O.
In the NEM season, the columnar ozone was negatively
correlated with H2O ( – 0.847), NO2 (0.754), and CO2

(0.477); it was also negatively but weakly correlated with
CH4 ( – 0.035). In the SWM season, columnar ozone was
highly positively correlated with NO2 (0.855), CO2

(0.572), and CH4 (0.321) and highly negatively correlated
with H2O ( – 0.832). The regression equations that best fit
the columnar ozone data were determined using four
independent variables. Our results yielded similar R
(& 0.83) values for both the NEM and SWM seasons.
The columnar ozone values from the SCIAMACHY

were compared with the in situ data from Petaling Jaya in
2009 to evaluate the accuracy of the predictive columnar
ozone model. The predicted monthly columnar ozone
values are quite consistent with the observed columnar
ozone data from the SCIAMACHY as well as with the in
situ data for most of the months in 2009. Validation
between the predicted columnar ozone and the observed
ozone from the SCIAMACHY was conducted through
linear regression correlation. The validation resulted in
high correlation coefficients (R = 0.837 to 0.923) and
adjusted coefficients (R2 = 0.700 to 0.852), indicating that
the model is accurate and efficient. The validations and
comparisons successfully demonstrate the high accuracy of
the regression equation.
In summary, this study is the first to use the

SCIAMACHY data to analyze the impacts of atmospheric
variables on columnar ozone, and it resulted in an accurate
prediction model of columnar ozone by combining MRA
and PCA methods. Thus, the results clearly indicate the
benefit of using satellite SCIAMACHY data to identify the
effects of atmospheric variables on columnar ozone over
Peninsular Malaysia. The comparison and validation

performed in this study support the high accuracy of the
regression equations for both the NEM and SWM seasons.
The present study involved the short-term prediction of

O3 modeling in Peninsular Malaysia, which is the western
part of Malaysia. Thus, there is a need to further consider
the implications of varying data quality. For example, the
reanalysis data represents the best currently available
observational data, which provides global coverage with
more than twenty years of temporal coverage. In addition,
the same statistical methods can be applied in the eastern
part of Malaysia to analyze atmospheric variables and
generate a new algorithm to predict O3 in the future. In
addition, the study can be extended by applying the same
study methods in different study areas, such as Southeast
Asia.
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