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Abstract. This work presents a new technique based on modulating the IR absorbance of each substance in a
mixture in a chirped manner to reduce the effect of their partial spectral absorption overlap on the accuracy of
determining their concentrations. This chirped spectral modulation CSM algorithm can deal with mixtures
containing unknown substances rather than the substances whose concentrations are aimed. This novel
algorithm, when compared to existing pattern recognition techniques, makes it easy to analyze the constituents
of a mixture with high accuracy in the presence of traces of unknown components. It is found that the new
algorithm can detect the presence of gas pollutants such as sulfur dioxide, carbon monoxide, carbon dioxide,
nitrogen dioxide in a sample containing many other unknown polluting substances. This new algorithm is
tested on air samples composed of predetermined percentages of air constituents and the results of calculations
are compared with those of classical least squares CLS pattern recognition algorithm. The comparison showed
that the new algorithm can detect down to very small traces of harmful gases such as NO2, and SO2, at least one
order of magnitude less than those detected by the CLS approach. Finally, the new algorithm is used to exam-
ine collected air samples from an industrial zone, and in the middle and at the exit of a road tunnel in Riyadh
area which showed that the percentages of sulfur dioxide, nitrogen dioxide, and carbon monoxide are well below
the safe levels.

Keywords: Pattern recognition techniques, Environmental pollution monitoring techniques, Pollution
detection, Fourier transform infrared spectroscopy, Gas pollutants in the atmosphere.

1 Introduction

Preserving the environment is one of the most important
necessities of scientific research, which includes the atmo-
sphere, water resources, and agricultural soil. With indus-
trial progress, the importance of early detection of
different types of pollutants increases, and this requires high
accuracy and sensitivity [1–4].

The atmosphere in which we live, and all our activities
take place, should be kept always clean. We should ensure
that it is free from pollutants and substances harmful to
human health. What we gain from exercises on the health
of our brains is lost due to air pollution. There are still quite
limited research results on this aspect to help protect the
environment. Regular monitoring of atmosphere purity is
very important; therefore, atmospheric air should be
checked to control the level of pollutants in it. Developing
more accurate techniques for the detection of harmful gases
in the atmosphere below the safe levels recommended by

governmental agencies, leads to knowing the sources of
pollution before the problem worsens and spreads from
one region to another, causing harm to humanity, and
containing the problem before it escalates. Harmful gases
that may exist in the atmosphere result from human activ-
ities and sometimes by nature, such as volcanoes. Focusing
on human activities, the sources, and bad effects of each of
these gases are presented along with their recommended
safe levels.

The recommended level of amount of NO2 and SO2
suggested by WHO “World Health Organization” is
25 lg/m3. It is known that up to 50 ppb (60 lg/m3) of
carbon monoxide can be approved by government agencies
in air [5].

Nitrogen dioxide is considered as one of the most
dangerous air polluting substances. Burning of fuel in motor
vehicles, power plants, and some industrial processes release
NO2. Human health is endangered due to exposure to NO2.
Inhaling air polluted with high levels of NO2 affects the res-
piratory and circulatory systems and the brain, causing
death. Motor vehicles and industries based on fossil fuel* Corresponding author: myshalaby@imamu.edu.sa
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consumption are the major drivers of NO2 pollution in the
most polluted cities. Decision makers must embark on a
shift from private vehicles to public transportation that
uses clean energy.

Sulfur dioxide is a toxic agent. Air polluted by SO2 may
cause stroke, cardiovascular disease, lung cancer, and even-
tually death. Burning of fossil fuels in vehicles, power
plants, and some industrial processes release SO2 in the
atmosphere. Volcanoes and extraction of metals may cause
production of SO2. The conversion of sulfur dioxide into
PM2.5 affects the health of millions of people. These sus-
pended particulates are 25–100 times thinner than a human
hair and therefore we cannot see it. The reason why these
particles are very harmful to human health is their ability
to go through respiratory organs and then to blood stream.
The most efficient and easiest way to reduce PM2.5 levels is
to install flue-gas desulfurization FGD units. Installed FGD
units are critical in the process of reducing SO2 emissions
from power plants as they form a significant fraction of
total PM2.5 pollution at different locations. Inhalation of
PM2.5 particles causes eyes, nose, and throat irritation.
It causes coughing, sneezing and shortness of breath. Long
term exposure to PM2.5 can cause permanent respiratory
problems such as asthma, chronic bronchitis and heart dis-
ease [6]. Children, elder people, and those with problems in
heart and in the respiratory tract are more sensitive to
health problems because of PM2.5 air pollution. These
ambient particulate matter, cause rates of death more than
alcohol and diabetes. Research shows that every 10 lg/m3

increase in PM2.5, increases all-cause mortality between
3% and 26%, chances of childhood asthma by 16%, chances
of lung cancer by 36% and heart attacks by 44%.

High concentrations of sulfur oxides destroy vegetation
and contribute to acid rain which can harm sensitive ecosys-
tems. Sulfur oxides can react with other compounds in the
atmosphere to form fine particles that reduce visibility, and
damage statues and monuments.

Rules should be imposed to reduce emissions of SO2 and
pollutants that form sulfur oxides (SOx) to help meet the air
quality standards. Areas where the air quality does not
meet these standards should be identified in order to
develop plans to reduce the amount of SO2 in the air.

Carbon monoxide is released from burning of fuels.
Carbon monoxide high levels may cause poisoning leading
to risks such as permanent brain damage, and even death
due to the replacement of oxygen by carbon monoxide in
red blood cells. Carbon monoxide causes also death of fetal
of pregnant women.

On the other hand, carbon dioxide which is also released
from industrial activities and burning of fuels causes green-
house effect and ocean acidification.

Since the safe percentage of the presence of air pollu-
tants in air is very small, a new, more accurate method
for detecting these pollutants that differs from the existing
methods is to be discovered.

It is a mandatory today to detect and determine the
quantity of very small amounts of chemical contaminants
down to or less than the safe levels of these substances.
Moreover, this process of detection should be quick enough
and cheap so that the state of the purity of the air can be

constantly monitored around the clock and in any spot on
the planet. Along with the development in the measuring
instruments used in the detection of substances, this must
be accompanied by a development in the analysis to be
more accurate and sensitive. The main feature in adopted
pattern recognition techniques is their suitability for the
accurate determination of mixtures components and their
concentrations. The challenge facing these techniques is
that these chemicals have similar spectra with some over-
lap. Therefore, these pattern recognition techniques should
be developed to resolve the considerable spectral overlap
and despite that, giving a correct result about the lowest
possible limits for the amounts of environmental pollutants.
Among the other advantages of these methods, in addition
to accuracy, speed, and cheapness, is the determination of
the components without previous separation. Least square
methods have been used in several studies for the determi-
nation of different components in solutions. One of the
adopted techniques to find the concentration of very small
traces of oil in wastewater to a better accuracy is by trans-
forming the absorption spectra of water and oil into vectors
[7]. In this work, the absorption spectra are modulated by
multiplying them with a chirped sinusoidal function in
wavenumber. In this case, each absorption line is associated
with a chirping frequency band different than other lines.
This procedure alleviates the problem of the spectral overlap
of the absorption spectra of substances in the atmosphere,
hence the concentrations of these substances are obtained
with better accuracy down to very small amounts less than
or around the safe levels recommended by theWHO organi-
zation [8]. This technique is not only for laboratory purpose
and is applicable for on ground and from the space measure-
ments [9]. Its role comes after measuring absorption spectra.
This approach is useful for various applications in different
fields of pattern recognition such as people detection, fire
detection, facial recognition, etc. [10].

The paper is organized as follows; first the analysis of
the new algorithm is presented, then it is tested on samples
of air contaminated with known percentages of harmful
gases which are SO2, NO2, CO, and CO2. The results of
the new algorithm are compared with those of the CLS
approach. Then the new algorithm is used to measure the
level of polluting gases in an industrial zone, and at the exit
and in the middle of a road tunnel. The bases of infrared
spectroscopy are presented in Appendix A, and the analyses
of the Beer Lambert law, and the solution with the CLS
approach are also given in Appendix B to help in comparing
with the new proposed approach. Finally, Appendix C pre-
sents some data related to the studied gases in this work
along with some useful relations to transform gases concen-
trations from lg/m3 to percentage in volume and ppm.

2 Methods

In this work, a new algorithm is designed that is capable of
the determination of concentrations of the constituents in
mixtures with better accuracy since it is based on mitigat-
ing the problem of the partial overlap between the absorp-
tion spectra of these substances. This study focuses on NO2
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and SO2 due to their partial spectral overlap with other
components of the air.

The idea is based on modulating the absorption spec-
trum of these substances in such a way to minimize the
effect of this spectral overlap on the determination of each
substance concentration in a mixture. The advantage of
this proposed technique, in addition to the advantages of
existing least squares methods, is its ability to find more
accurately smaller traces of unknown components in pres-
ence of unexpected substances in the examined mixture.
This new technique is suitable for the determination of envi-
ronmental pollutants [11] and in other fields such as
biomedical area for example to detect the amount of glucose
in the blood in the near and mid-infrared range [12–16].
More clearly, using this approach does not necessitate any
pre-preparation of the examined mixtures before being
tested by the IR spectrometer [17].

This new algorithm is tested on samples to check its
capability of detecting traces of carbon monoxide, carbon
dioxide, nitrogen dioxide, and sulfur dioxide present in air
besides other contaminants. Then the new algorithm is used
to analyze air samples at an industrial zone during 8 weeks
and in the middle and at the exit of a road tunnel in Riyadh
area to ensure that their amounts are within the safety
ranges.

3 Proposed chirped spectral modulation
algorithm

The new method relies on modulating the absorption
spectra of the substances in a mixture. Modulation is
realized by multiplying the absorption spectra by a signal
sinusoidally varying with wavenumber. The frequency of
this modulating function is chirped and adjusted in order
to accurately calculate the concentrations of these sub-
stances. The absorption spectrum of each substance is
modulated in this manner and the same is carried out for
the absorption spectrum of the mixture which is under
analysis. A set of equations is constructed from which
the unknown concentrations of the substances are
determined.

Since the absorption spectrum of each substance resem-
bles the fingerprint of a human being so that it is impossible
for the absorption spectrum of a substance to be similar to
that of another substance. Therefore, using this new algo-
rithm, a modified absorption pattern after chirped spec-
trum modulation is obtained which is less likely to bear a
resemblance to that of another substance. Moreover, identi-
fication of larger molecules is easier with absorption spec-
troscopy techniques. The larger the molecule, the more
bonds it contains, and thus absorption occurs from this
molecule at more wavenumbers.

The spectral absorption pattern is used to calculate a
variable representing the absorption spectral summation
of substance “j”, in a mixture, using the following equation
as

bj ¼
XN
I¼1

I � 1ð Þr k2j Ið Þ cos u I � 1ð Þ2 � 2p
N

� �
; ð1Þ

where kj is the absorption spectrum of constituent j, and j
varies from 1 to the number of constituents tested in a
mixture, and “r” and “u” are two parameters. N is the
number of sampling points in the wavenumber range,

where N ¼ mu � mL
�m

and mu and mL are the upper and lower

wavenumbers in the range of measurements respectively,
and Dm is the resolution (wavenumber separation = 4 cm�1

in our experiment). The term I � 1ð Þr in equation (1) rep-
resents tr and plays an important role to distinguish
between substances in a mixture if their absorption spec-
tra partially overlap. By the summation of equation (1),
the absorption spectrum of this substance is converted
into a variable. Similarly, the joint spectral summation
of substances “j” and “p” is given as

bjp ¼
XN
I¼1

I � 1ð Þr kj Ið Þ kp Ið Þ cos u I � 1ð Þ2 � 2p
N

� �
: ð2Þ

In case of existing spectral absorption overlap between
substances “j” and “p”, the calculated concentration of sub-
stance “j” or substance “p” will not be correct. The weighting
function, tr, where r is a parameter, and the parameter u, in
equations (1) and (2), are adjusted for more discrimination
between the spectra of the studied substances of the
atmosphere.

The summation is carried out over the whole spectrum
(448–3980 cm�1) and this absorption spectrum of all the
components in the mixture serves to find the concentration
of each substance in this mixture.

After measuring the absorption spectrum of the mixture
under study, a variable is calculated for each expected
substance in this mixture as follows

dj ¼
XN
I¼1

I � 1ð ÞrA Ið Þkj Ið Þ cos u I � 1ð Þ2 � 2p
N

� �
; ð3Þ

where A is the absorption spectrum of the mixture under
consideration.

We can construct the following matrix equation

d1

d2

..

.

dL

2
6666664

3
7777775 ¼

b11

b21

:

:

bL1

b12

b22

:

:

bL2

:

:

:

:

:

:

:

:

:

:

b1L

b2L

:

:

bLL

2
666666664

3
777777775

c1

c2

..

.

cL

2
6666664

3
7777775þU ; ð4Þ

D ¼ BC þ U ; ð5Þ
where matrix C represents the unknown concentrations
of the expected substances in the mixture, and matrix U
represents the contribution of the unexpected sub-
stances in the mixture which affects the accuracy of the
calculated concentrations. The solution of equations (4)
and (5) is obtained when matrix U equals zero and the
unknown concentrations of the expected substances in
the mixture is
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C ¼ B�1D ð6Þ
where B�1 is the inverse of matrix B.

4 Test of the validity of the new algorithm

Initially, a focus was placed on some air pollutants
produced by activities in industrial zones such as carbon
dioxide, carbon monoxide, sulfur dioxide, and nitrogen
dioxide. The absorption spectrum of these substances in
the mid-infrared range is obtained from Spectra plot [18].

To test the ability of the new method to detect the
proportions of the substances in a mixture, the spectrum
of a sample of air containing percentage of these pollu-
tants is prepared numerically, to know the lowest percent-
age that the new method can accurately detect in
presence of a lot of other pollutants. An amount of water
vapor (4 � 10�3 percentage in volume) is added to the
mixture representing the unknown substance in the
mixture denoted by matrix U in equations (4) and (5).
Then this sample is tested using the vectorial algorithm
applied on the IR absorption of this mixture.

Figure 1 indicates that the new approach can detect an
amount of nitrogen dioxide down to 4.5 � 10�7% before
reaching the noise floor caused by the presence of other
unexpected compounds in the mixture. The accuracy is
indicated by the point at which the curve deviates from
linearity (accuracy of detection is defined as the minimum
detectable amount of a substance in an unknown mixture
corresponding to a maximum percentage error of 10%).
The lower the value of this point, the higher is the accuracy.
Figures 2–4 show that new CSM algorithm produce correct
values for SO2, CO, and CO2 down to 7.8 � 10�6%,
1.7 � 10�6%, and 2 � 10�3% respectively. Figures 3 and
4 show that levels of CO2 and CO detected by the new
CSM algorithm differ slightly compared to those obtained
by the CLS approach. The level of CO is slightly underesti-
mated whereas the value of CO2 is slightly overestimated.
These levels are below the safe percentages allowed by the
World Health Organization. In other words, the CSM
approach is not beneficial compared to CLS approach for
detection of small amounts of carbon monoxide and carbon
dioxide.

5 Experimental results and discussions

The analysis is carried out using the FTIR MB3000 spec-
trometer operating in the mid IR range with a gas cell of
14 m path length. Since the percentage of pollutants in
the air sample in our case is very small, five samples are con-
sidered, at different instants, and the average of their spec-
tral absorbance is calculated to minimize the error.
Moreover, the absorption spectrum over the range from
448 to 3980 cm�1 is measured in the following wavenumber
intervals 448–1200, 1200–1500, 1500–2700, 2700–3000, and
3000–3980 cm�1. The gain of the detector circuit is adjusted
in an interval in such a manner to increase sensitivity

without running into detector saturation. Finally, these
measurements are grouped in one file prior to applying
the new algorithm on it. It is relied on the dynamic range,
the signal to noise ratio, and the sensitivity of the FTIR
spectrometer used to detect the small traces of pollutants
in the atmosphere.

Fig. 1. The amount of nitrogen dioxide detected versus the
amount previously added, both by the CLS method (dashed)
and by our new algorithm (solid). The curves show that the new
algorithm shows a linear response down to better than
4.5 � 10�7% whereas the CLS approach is linear down to about
4 � 10�5%.

Fig. 2. The amount of sulfur dioxide detected versus the
amount previously added to the mixture, both by the CLS
method (dashed) and by CSM algorithm (solid). The curves
show that the new algorithm reveals a linear response down to
around 7.8 � 10�6% whereas the CLS approach is linear down to
about 2.5 � 10�4%.
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(a) Monitoring air pollution in an industrial area

An industrial zone is chosen to examine the percentage
of pollutants in air during 8 weeks. The instant of analyzing
the air is at the peak of factories and workshops activities
during the day. It should be noted that lifetime of NO2
and SO2 is less than 1 day since they are active gases.

The absorbance spectrum of the sample is analyzed
using our new algorithm, it was possible to detect traces
of carbon monoxide, carbon dioxide, and sulfur dioxide as
shown in Figure 5. The error in these measured values,

according to Figures 1–4 is very small and cannot be
determined and depends on unexpected constituents of
the air sample other than the considered substances.

Moreover, the concentration of CO2 during 8 weeks is
calculated using CSM algorithm as shown in Figure 6.

(b) Monitoring air pollution in the middle and at the exit
of a tunnel

The same procedure is carried out by examining air con-
stituents searching for the concentrations of SO2 and NO2
in the middle and at the exit of a tunnel at the rush hour
(peak of traffic clogging). This tunnel, in center of Riyadh
area, is 3 lanes width, 830 m long and equipped with air
ventilators distributed along the tunnel Figure 7. This road
tunnel is away from any industrial activities to focus on air
pollution caused by cars. The concentrations of SO2, NO2,
CO, and CO2 in the middle of the tunnel are 0.035, 0.041,
0.07, and 413 ppm respectively. The concentrations of
SO2, NO2, CO, and CO2 at the exit of the tunnel are
0.032, 0.038, 0.065, and 411 ppm respectively. These values
are slightly higher than those registered in Figures 5 and 6
but still below the safe values for short intervals of
exposure.

According to the analysis of this survey results, and even
though the registered values of polluting gases are below the
safe thresholds in case of short periods of exposure, the
following recommendations are of great importance:

� Follow-up the periodic inspection of flue gas desulfur-
ization filters installed on factors chimneys. Emission
standards should be strengthened and flue gas pollu-
tion control technology on coal-fired power plants,
smelters, and other major industrial SO2 emitters
should be implemented.

� Not licensing factories unless they submit proof of
amount of emissions in the safe range.

� The gradual shift towards electric cars in order to
reduce carbon dioxide emissions and to get rid of the
global warming phenomenon that haunts the world
and threatens to melt the ice in the polar regions
and to reduce the levels of SO2 and NO2 pollution.
It’s very urgent that governments transfer invest-
ments in fossil fuels towards safer energy sources, such
as wind and solar.

� Helping factories owners replace their old machines
and install new environmentally friendly technologies
through soft loans.

� Raise factories owners’ awareness to adopt new tech-
nological methods reducing air pollutants.

� Periodic monitoring of level of pollutants in the
atmosphere.

� The education of management and staff of factories is
also a critical part of a successful health protection
from dangerous effects of atmospheric pollutants.

In summary, it is believed that this new technique, com-
pared to classical pattern recognition techniques, is able to
determine the concentration of very small amounts of
substances in a mixture containing the main constituents
in addition to traces of other unexpected substances.

Fig. 4. The amount of carbon dioxide detected versus the
amount previously added, both by the CLS method (dashed)
and by CSM algorithm (solid). The two approaches show nearly
the same behavior down to 2 � 10�3%.

Fig. 3. The amount of carbon monoxide detected versus the
amount previously added, both by the CLS method (dashed)
and by CSM algorithm (solid). The two approaches show good
behavior down to 1.7 � 10�6%.
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The strength of this algorithm is attributed to the increased
discrimination between substances, whose spectra is
partially overlapping, by multiplying their spectra by an
additional function. The function chosen is composed of a
weighting function and a cosine function. The cosine func-
tion modulates the absorption spectrum with a frequency
which will be tailored for more discrimination between the
substance’s absorption spectra. This algorithm reduces
the effect of the other unidentified substances in the
mixture.

6 Conclusions

The new algorithm validity is tested by comparing its
results with other algorithms based on classical least

Fig. 5. The results of the field study which has been conducted by analyzing samples from an industrial zone in 8 weeks to monitor
the level of air pollutants. The absorbance spectrum of these samples is measured using FTIR MB3000 spectrometer. Then, the CSM
algorithm is applied to the obtained absorbance spectrum to determine the amount (ppm) of SO2, NO2, and CO in these samples.

Fig. 6. The results of the field study which has been conducted by analyzing samples from an industrial zone in 8 weeks to monitor
the level of air pollutants. The absorbance spectrum of these samples is measured using FTIR MB3000 spectrometer. Then, the CSM
algorithm is applied to the obtained absorbance spectrum to determine the amount (ppm) of CO2 in these samples.

Fig. 7. An aerial view showing the location of the road tunnel in
Riyadh city.
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squares. The test is run on mixtures with different con-
stituents. It was found that the novel algorithm is more sen-
sitive to detect traces of pollutants in a mixture in presence
of other components and gives more accurate concentration
values.

The new spectrum modulation algorithm used allows us
to detect very small traces of carbon monoxide, nitrogen
dioxide, and sulfur dioxide in air in an industrial zone and
at the exit of a road tunnel in Riyadh area. The amounts
of these polluting substances are well below the internation-
ally recommended levels.
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Appendix A

Theory of molecular detection

Principles of Fourier-transform infrared spectrometry

The key part of a Fourier transform infrared (FT-IR) spec-
trometer is the optical component termed an interferometer
[19–22]. Commercial FT-IR spectrometers usually adopt
the Michelson interferometer. The sample under test is
placed at the exit of the interferometer. Infrared light
coming from the source is split and traverses the sample
under investigation and then is converted to an electrical
signal with the aid of an infrared detector. The signal
detected in relation to the relative position of one of the
interferometer mirrors is called an interferogram. Then this
interferogram is converted to sample absorbance versus
wavenumber through applying the Fourier transform [23].
Theoretically one of the interferometer mirrors should move
towards infinity but in practice, the movable mirror can
only move for a certain distance. Therefore, the trans-
formed interferogram has a finite resolution. The resolution
or the difference between two neighboring frequencies (Dm)
is inversely proportional to the maximum retardation

caused by mirror movement dmax as �m ¼ 1
dmax

[24].But

increasing the path difference caused by the mirror move-
ment will increase the total noise of the interferogram.
Doubling the length of the interferogram will typically
increase the noise level by a factor of

p
2.

To avoid aliasing in sampling of any continuous
signal, according to the Nyquist sampling theorem, the
minimum sampling frequency should be twice the maxi-
mum frequency of this signal. A lower sampling rate than
this limit will produce lower apparent frequency compo-
nents which does not exist in the original signal. Hence,
for a given resolution, Dm, and maximum frequency, mmax,
the required number of points in the interferogram, N is

N ¼ 2mmax

�m
.

Appendix B

Beer–Lambert law

The basic principles of least squares techniques are men-
tioned here to show the reason behind the lack of accuracy
of these techniques when dealing with mixtures of some
unknown constituents and to show the privilege of our
novel technique over these least square techniques.

According to the Beer–Lambert law, the relationship
between sample absorbance A, substance molar absorptiv-
ity e, substance concentration c, and sample thickness t is
given by [25–27];

A mð Þ ¼ e mð Þ tc; ðA-1Þ
where m is the wavenumber.

Assuming that the absorbance of different components
in a mixture at a given wavelength is linearly additive,
the Beer–Lambert law relation is rewritten as;

Ai ¼
Xl

j¼1

eij tcj ; ðA-2Þ

where “i” refers to a wavenumber sampling point, “j” refers
to a component, and the components in the mixture range
from 1 to l. Then equation (A-2) can be rewritten as;

Ai ¼
Xl

j¼1

kijcj ; ðA-3Þ

where kij is the product of eij and t.
The basis of absorption spectroscopy is to fit, with

minimum error, the measured absorbance spectrum of a
mixture to a linear summation of some spectral components
expected in this mixture. The coefficients obtained from
this fitting process express the concentrations of each of
the known compounds’ spectra.

For a multi-wavelength and multi-component case,
equation (A-2) can be written in a matrix form as;

A ¼ KC þ E: ðA-4Þ
The matrix of residual spectra, E, called an error matrix,
contains the part of the measured absorbance spectra in
A of unexpected components in the studied mixture. Matrix
E contains spectral substances that are not accounted for in
matrix K such as absorption spectrum of substances that
are not expected to be present in the mixture under exam-
ination or even any noise components. In fact, this E term,
when some components in the mixture are not considered,
is responsible for the reduced accuracy when it is required
to search for the concentration of some components in a
mixture. This causes the noise floor to increase and it will
be shown that our new algorithm works better in these
conditions, unlike the least-squares techniques.

The classical least squares CLS solution of equation
(A-4) gives the concentrations of the components in the
mixture as follows [25–27];

bC ¼ bK 0 bK� ��1 bK 0
A; ðA-5Þ
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where bC is the estimated approximate concentration of
the components in the mixture. In what follows, the algo-
rithm of our proposed pattern recognition technique is
proposed and its results are compared to those of the
CLS approach.

Appendix C

Some data related to the studied gases in this work [8]

The level of carbon dioxide before the industrial age and the
formation of the greenhouse effect was around 0.5 g/m3

(280 ppm).
Steps to change concentration “y” represented in lg/m3

to percentage in volume and ppm:

y
lg
m3

h i
¼ y

molarweight in grams
lmole
m3

� �

Since 1 mole of any gas occupies 24 dm3 (0.024 m3) at RTP
(room temperature and pressure), then

y
lg
m3

h i
¼ y

molarweight in grams
24ð10�9Þ m3

m3

� �

¼ y
molarweight in grams

24ð10�7Þ ½%�

¼ y
molarweight in grams

24ð10�3Þ ½ppm�

Gas name Molar
weight
(g)

Maximum
recommended
level in the
atmosphere
(lg/m3)*

Carbon monoxide 28 60
Nitrogen dioxide 46 25
Sulfur dioxide 64 25
* Annual mean concentration.
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