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The main challenge in analyzing absorption spectra of natural gas mixtures lies in the fact that their composition
is only partially known. Existing methods for decomposing spectra of such gas mixtures are effective when the
number of components is small. This paper proposes a method for decomposing absorption spectra of gas samples
with an unknown composition and an arbitrary number of components. The method is based on reducing the
»complexity“ of the spectrum by accurately removing one of the components from the composite spectrum. The
method is demonstrated through an example assessing the presence and restoring the concentration of trace gas

impurities in atmospheric air.
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Introduction

Component analysis of gas samples is essential for envi-
ronmental applications and the study of volatile molecular
markers in patient exhaled air. The absorption spectrum
of gas samples SO, (v) is itself a superposition of the
absorption spectra of its individual components S;(v) [1]:

Shix(V) = D eiSi(v), (1)

i=1
where ¢; — concentration of i-th component, v —
frequency, N — number of components in the mixture.
The objective of spectrum decomposition S%. (v) is to

determine the unknown values c;.

For the absorption spectra of gas samples of known
composition (the so-called ,,white* system [2]) the efficient
decomposition methods were developed, in particular,
methods of multivariate curve resolution (MCR) [3-5],
univariate calibration (UC) [6] in combination with the
least-square method [7] and Levenberg-Marquardt extremal
search method (LM) [8-10).

The main problem in analyzing absorption spectrum of
gas mixtures of natural origin is that their composition
is only partially known (the so-called ,gray“ system [2]).
Component analysis of ,,gray” systems is significantly more
complex, and methods for decomposing mixtures with only
a few components have been developed for them.

For the decomposition of the spectra of two-component
mixtures of unknown composition, Lawton and Sylvestre
developed a selfmodeling curve resolution (SMCR)
method [11] based on transformation of the original spectra
of a mixture into the space of hidden variables using
the principal component analysis and the fact that the

graph of the normalized spectra of two-component mixtures
is a straight line in this space [12]. Rasmussen et
al. [13] used SMCR to determine the number of chemical
components in a mixture. Borgen and Kowalski presented
a method that extends the SMCR procedure to three-
component systems [14]. Rajko and Istvin [15] proposed
a simplification of the Borgen and Kowalski approach
based on computational geometry. In the study [16]
by Ohta the expansion of SMCR method to the three-
component mixture was also proposed. Meister [17]
developed a SMCR-based algorithm that enabled to find
the solutions for the three-component mixtures using a
criterion of maximal spectral difference between the mixture
components. Kawata et al. [18] developed an entropy-
based optimization method for estimating the component
concentrations of three-component mixtures. Vandeginste
et al. [19] developed a similar approach, using the condition
that the spectra of a single-component mixture should have
a ,simplest profile”, defined mathematically as the curve
with the smallest area for a given normalization. The
uniqueness of the solution found using SMCR is analyzed
in [20,21]. The method of searching for spectral regions
where two-component mixtures can be decomposed was
developed by Vosough et al. [22]. Expansion of Vosough
method to three- and four-component mixtures is proposed
by Golshan [23,24].

An alternative approach to solving ,gray”“ systems is
to determine the presence and concentration of a target
component with a known spectrum, regardless of the com-
position and concentration of the remaining components in
the mixture. This approach is realized in HAMAND method
(hypothetical addition multivariate analysis with numerical
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Figure 1. Illustration of RSC method: @ — a model spectrum of mixture with two peaks corresponding to two components, b —
modulus of the mixture spectrum derivative, c — modulus of the mixture spectrum after an exact subtraction of the spectrum of one of
the components, d — modulus of the mixture spectrum derivative after an exact subtraction of the spectrum of one of the components,
e — modulus of the mixture spectrum after subtraction with the spectrum error of one of the components (the estimated concentration
differs from the true one), f — modulus of the mixture spectrum derivative after subtraction with the spectrum error of one of the
components (the estimated concentration differs from the true one).

differentiation) [25], as well as in the method of reducing ~ Materials and methods

the spectrum complexity (RSC) [26-28|.

The main idea of RSC method is that if the spectrum Let’s consider the experimentally measured spectrum of

of a component is completely removed from the mixture
spectrum (taking into account its concentration), then the
complexity of the remaining spectrum should decrease [28].
The complexity criterion is the integral area of the module
of the first derivative of the spectrum:

d(s%.(v)—¢s
Sf(c'j) — /‘ ( mlx(v) ¢ (\))) dV, (2)
dv
where ¢ — unknown concentration which in the point

of minimum of the functional §f(¢) should be equal to
the true concentration c. Here, S(v) — spectrum of the
searched component that shall be known a priori. The
idea of the method is shown in Figure 1. The RSC
method has proven to be an effective tool for determining
the concentrations of components of interest in biological
samples [27-29] and in atmospheric air [30]. If it is
necessary to determine the presence and concentration
of several components, the RSC method can be used
sequentially. However, such approach increases the time
of analysis multiply. Additionally, if the order of component
concentration recovery is chosen suboptimal, the accuracy
of decomposition may decrease significantly.

This paper considers the generalization of RSC method to
the multidimensional case as an alternative to its sequential
application.

a multi-component gas sample as follows:
Smix(v) = [Squx (V) +r(v)], (3)

where r(v) — random additive noise. It is possible to
search for multiple components by RSC method using the
following approaches.

1. The form of the minimized functional is the same as
in (2), but the minimization is performed by varying the
concentrations of several components simultaneously:

aﬂqz/V@mW—E@&M>

7 dv. (4)

2. The minimized functional is the sum of functionals (2),
each of which is associated with the assessment of the
presence and search for the concentration of one of the
analyzed components:

w@=/§

3. A combination of approaches 1 and 2, when the
minimized functional is expressed as

w@=/§

Si(U) = Sifl(V) - 5iSi(U)’ SO(V) = Smix(v)‘

d(Smix(v) — ¢:S:(v))
- dv. (5)

d(Si(v) — éiSi(v))
o dv, (6)
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Figure 2. Absorption spectra for HyO vapor, CO,, CO, CHsa,
S0O,, NO,, N0, OCS in the range from 1000 to 3700 cm™".

Here ¢ = (¢1,¢2,...,¢N), ¢; — the sought-for concen-
trations of each of the components, N — number of the
analyzed components.

Let’s consider the application of the multidimensional
RSC (mRSC) method using approaches (4)—(6) with
an example of decomposing model spectra of atmo-
spheric air, which includes the following main compo-
nents: Ny (~ 78.08%), O, (~20.95%), Ar (~ 0.93%),
CO; (~ 0.04%), vapors of H,0 (content in the air —
up to 4%), as well as small components that are volatile
molecular biomarkers and/or industrial air pollutants: CO,
CHy4, SO;, N>O, NO,, OCS. The examples also tested the
hypothesis of the presence of NO, and OCS, which were
actually absent in the model gas mixture.

Random noise was modelled by function

r(v) = R - max(S%, Yrand(v), (7)
where function rand(v) takes random values from —0.5
to 0.5. At that, the spectrum Spyix(v) (3) is always not
negative.

In the spectral range we are considering, the absorption
of Ny, Oy, and Ar can be neglected, so these gases were not
included in the model mixture. Fig. 2 shows the absorption
spectra of the model mixture components, including small
gas components (SGC). The spectra were calculated with
a spectral resolution of 1cm™! for normal conditions using
HITRAN 2020 spectral parameter database [31].

Next, a sample of model spectra of mixtures of the
specified components Sp,;x was constructed. Concentration
of HO changed in a random way from 0 to 4%,
and concentration of each of SGC changed as a normal
distribution with parameters (average value, dispersion)
mentioned in Table 1. Small gas components that are not
shown in the table had a zero concentration. If the generator
produced a negative concentration value, it was replaced
with zero. Noise level varied from R =0 to R =3-10~*
with a step 107°. For each noise level value, 200 spectra
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Figure 3. Example of calculated spectraSmix.

Table 1. SGC concentrations modeling parameters

Impurity o, ppm | Mean, ppm | Source
Carbon dioxide, CO, 50 420 [32-35]
Carbon monoxide, CO 1.0 25 [34-37]
Methane, CHy 1.0 19 [34,38,39]
Sulfur dioxide, SO, 0.2 0.2 [40-42]
Nitrous oxide, N,O 0.1 0.3 [34,36,43]

Smix were generated with different concentrations according
to Table 1.

Results

Fig. 3 illustrates example of calculated spectra Spix.
By using mRSC method for spectra Spix, let’s find c¢;
and relative error §; = |%| for the functionals (4)—(6).
Table 2 gives an example of true (actual) ¢; and calculated
¢; concentrations for one of the spectra Spix at noise level
R=0.

It can be seen that the functional (6) provides a higher
accuracy in reconstruction of SGC concentration compared
to using the functionals (4) and (5). This is confirmed by the
average relative error (§) and its mean-square error of SGC
concentration reconstruction on the full sample of model
spectra (Table 3). Gases with zero concentration were not
considered.

Fig. 4 illustrates the calculated average relative error (§)
of SGC concentrations reconstructed using functional (6)
versus noise amplitude R and ,,signal/noise ratio (SNR).

Conclusion

This paper proposes a method for decomposing the
absorption spectra of gas samples of unknown composition
with an arbitrary number of components. The method
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Figure 4. Calculated dependence of the average relative error (§) of SGC concentrations reconstructed using functional (6) on the noise

level R (a) and ,signal/noise” ratio SNR ().

Table 2. Example of reconstructed ¢; and true ¢; concentrations for one of the spectra Snix at level of noise R = 0

Impurity ci, ppb Ci, ppb
Functional (4) Functional (5) Functional (6)

Cco 2500.0 2168.8 1755.0 2486.5
CH,4 10 9.0 9.1 9.8

SO, 200.0 205.4 142.6 202.0
NO, 0 0.1 —106.9 0.00003
N,O 20.0 19.1 240 194
0oCS 0 —0.78 154.6 0.1

Table 3. The average relative error (§) and the mean-square
error of the reconstructed SGC concentrations on the full sample
of model spectra at the noise level R = 0

Gas (6)

Functional (4) | Functional (5) | Functional (6)
CO | 0.062 £0.050 | 0.122 £0.090 | 0.021 £ 0.008
CH; | 0.076 £0.034 | 0.136 £0.034 | 0.028 £ 0.002
SO; | 0.062+£0.049 | 0.122£0.080 | 0.021 £ 0.006
N,O | 0.061 £0.031 | 0.131 £0.061 | 0.023 £ 0.006

ppb, despite the presence of the main components that
significantly contribute to the absorption of air in the

considered spectral range.
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is based on reducing the ,complexity of the spectrum
by using a precise removal of one of the components
from the total spectrum. The complexity criterion is the
integral area of the module of the first derivative of the
spectrum.  Three variants of the minimized functional
are considered, which are suitable for decomposing the
absorption spectra of gas samples of unknown composition
with an arbitrary number of components. The method
is illustrated by assessing the presence and reconstruction
of SGC concentrations in atmospheric air. The calculated
decomposition error, including at different noise levels,
showed the effectiveness of the proposed method in SGC
concentration reconstruction up to the level of tens of
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