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This paper investigates the use of an automatic system for preparation of gas mixtures in a
multivariate calibration problem involving near-infrared (NIR) spectrometric analysis of natural gas.
The automatic system is used to prepare calibration mixtures according to a Brereton experimental
design, in order to exploit a suitable range of gas concentrations and thus avoid extrapolations
in the predictions. These mixtures were employed to build partial-least-squares models for NIR
determination of methane, ethane and propane, which are the major components of natural gas.
Prediction performance was evaluated by using a separate set of prepared mixtures and natural
gas samples with composition analyzed by gas chromatography, as well as a group of certified
mixtures. The resulting root-mean-square errors of prediction (RMSEP) values for methane, ethane
and propane (3.0, 0.9 and 1.2% mol mol-1, respectively) were approximately 10 times smaller
than the corresponding calibration ranges, with correlations of 0.91, 0.96 and 0.86 between the
predicted and reference values.
Keywords: natural gas analysis, automatic system for preparation of gas mixtures, multivariate
calibration, NIR spectrometry, gas chromatography

Introduction
The analysis of chemical composition of gas samples
is usually carried out by using gas chromatography (GC),
which allows accurate determinations of individual gas
components even in complex matrices. The widespread
use of GC is motivated by the minimization of interference
effects as the result of the separation in the chromatographic
column.1 However, the operational costs related to the
use of consumables and the low sample throughput
associated to the time required by the separation process
are inconveniences that should be taken into account. In this
context, spectrometric techniques have been proposed as a
faster and less costly alternative for gas analysis,2-4 provided
that multivariate calibration is used to compensate for the
absence of a separation process.5
Multivariate calibration methods are aimed at obtaining
a mathematical model that relates the instrumental
*e-mail: laqa@quimica.ufpb.br

measurements with the chemical composition of the sample.
For this purpose, the analyst must gather a representative
set of calibration samples with known composition.
In the case of gas analysis, calibration mixtures with
certified composition can be acquired from specialized
suppliers. However, the acquisition of these mixtures can
be expensive, which escapes the purpose of using a less
costly alternative to GC. Alternatively, real samples with
composition determined by GC can be used to build the
multivariate calibration model, but the variability in the
composition of these samples may not be large enough to
build an appropriate model.6 A third alternative consists of
the preparation of gas mixtures in the analytical laboratory
from individual gas components. In this case, a mixing
system with suitable accuracy would need to be employed.
In this context, the present work investigates the use
of an automatic system for accurate preparation of gas
mixtures, which was proposed in a recent paper7 as an
improvement on a simpler architecture which had been
developed for non-quantitative screening applications.8 The
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system comprises a set of gas admission valves which are
controlled in an automatic manner to achieve the desired
partial pressures for each component of the mixture. A
piston-driven diaphragm pump is used to circulate the
mixture within the system in order to obtain an appropriate
homogenization. In Dantas et al.,7 the operation of the
system was validated by preparing binary mixtures of
nitrogen with methane, ethane or propane. As a result, the
programmed molar fractions of the component gases in the
prepared mixtures were found to be in good agreement with
the results of GC analysis. However, the system was not
tested in an actual application involving the preparation of
gas mixtures for multivariate calibration. Within this scope,
the present investigation is aimed at demonstrating the
applicability of this automatic system in an actual analytical
problem involving the simultaneous determination of the
major components in natural gas samples by using nearinfrared (NIR) spectrometry and multivariate calibration.
Natural gas (NG) is mainly composed by methane (CH4)
and heavier hydrocarbons, especially ethane (C2H6) and
propane (C3H8).9 The development of analytical methods
for quality control of this fuel has become an important
issue,10 in view of the growing demand for domestic,
commercial, industrial, utility and vehicular use of NG,
motivated by both economic gains and environmental
impact.11,12 Within this scope, NIR spectrometry has been
proposed as an attractive alternative to the use of GC,
with advantages including reduced analysis time and little
sample preparation2,13 in addition to the possibility of
deploying portable field instruments.5 More specifically, the
use of NIR spectrometry has been reported for screening
analysis8 and determination of the calorific value of NG.14 In
a broader scope, applications have also been reported in the
context of screening analysis of liquefied petroleum gas15
and quantitative analysis of gases in hydrocarbon mixtures.4
In this work, a partial-least-squares (PLS) model16,17 for
NIR spectrometric determination of methane, ethane and
propane was built by using quaternary mixtures of these
gases with nitrogen, which were prepared by the automatic
system according to a Brereton experimental design.18
The prediction performance of the resulting model was
evaluated by using a separate set of prepared mixtures, as
well as three gas mixtures with certified composition and
eight actual NG samples for vehicular use.

Experimental
Samples

Methane (99.9%), ethane (99.0%), propane (99.5%),
nitrogen (99.9%) and three mixtures of these gases, with

J. Braz. Chem. Soc.

certified composition, were acquired from Linde Gas.
The certified mixtures were designed in order to simulate
the composition of natural gas samples. All gas contents
indicated herein are expressed in % mol mol-1. In addition,
eight real NG samples were acquired at 220 bar from
vehicle fuelling stations in the city of João Pessoa (Paraíba,
Brazil). These samples were collected by using a lab-made
sampling cylinder described elsewhere.8
The Brereton algorithm18 was employed to design
67 mixtures of methane, ethane and propane, with
concentrations in the range of 62.5-100, 0-17.1 and
0-11.1% mol mol-1, respectively. These ranges encompass
the minimum and maximum values stated in the technical
regulations of the Brazilian fuel authority concerning
the quality of NG.19 The Brereton algorithm is aimed at
obtaining an orthogonal design of appropriate variability
with a reduced number of experiments, which is convenient
to reduce the experimental workload. 20 The molar
concentrations resulting from the Brereton design were
converted to partial pressures. Nitrogen was used as diluent
to complete the mixtures up to a total pressure of 2.00 bar
(see Supplementary Information (SI) section).
After the NIR spectra of the 67 prepared mixtures were
recorded, the Kennard-Stone algorithm21 was employed
to select 45 of these mixtures for use in the calibration
of the PLS model. This algorithm is aimed at choosing a
representative subset of samples in a near-uniform manner
in the space of spectral variables, by avoiding the selection
of samples with similar spectra. The remaining 22 mixtures
were used as a separate prediction set, together with the
3 mixtures of certified composition and the 8 real NG
samples. The composition of these 33 prediction samples
was analyzed by GC, in order to evaluate the predictive
ability of the PLS model.
Apparatus

Figure 1A presents a schematic diagram of the
automatic system, which was used for preparation of
the gas mixtures, as well as the sampling of the certified
mixtures and real NG samples. Details of the construction
and operation of the system are presented in Dantas et al.7
The apparatus also included a gas flow system to introduce
the samples in a NIR cell for spectral acquisition,
as described elsewhere.8 In addition, the system was
connected to a gas chromatograph for the analysis of the
prediction samples.
The NIR spectra of the samples were acquired by
using an FTIR Analyzer (AIT, Analect Diamond 20) in the
range 4,000-12,000 cm-1 as the average of 16 scans with
a resolution of 2.0 cm-1. The samples were introduced in
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capillary column (GC-GASPRO) with internal diameter of
0.32 mm. The GC injections were performed in split mode
(1:100) at a temperature of 240 °C by using a sampling
valve (Valco E60) with a 25 microliter loop. Helium was
used as carrier gas with a flow rate of 1.4 mL min-1. All
analyses were carried out in isothermal mode with the
column temperature at 90 °C. A flame ionization detector
(FID) was employed with temperature set at 250 °C. The
total analysis time per run was 10 min.
Software

Spectral preprocessing, principal component analysis
and PLS modelling were carried out by using The
Unscrambler 9.7 (CAMO S.A.). The optimal number
of factors for each PLS model was determined by using
cross-validation with the default settings of the software
package. The Kennard-Stone algorithm was implemented
in Matlab R2010b.
Figure 1. Schematic diagram (A) and photograph (B) of the automatic
system for gas mixture preparation and NIR and GC analyses.
Computational interface (a); digital manometer (b); gas intake pipe (c);
automatically controlled solenoid valve (d); flow retention valve (e);
threaded connection (3/8” BSP-brass) (f); purge gas output (g); needle
valve (h); NIR flow cell (lab-made) (i); piston-driven diaphragm pump
(j); automatic sample injector (k). In the schematic diagram (A), thin
solid lines indicate rigid connections, whereas thick solid lines indicate
flexible stainless steel hoses. The thick line with cross marks indicates a
hose packed with polymer spheres. Dashed lines indicate electrical signal
connections with the computational interface.

the NIR flow cell at a pressure of 1.5 bar. The overall time
required by the NIR analysis was one minute per sample.
The experimental procedures were carried out in
a laboratory environment with air conditioning (split
configuration) and dehumidifier units for temperature and
humidity control. The temperature and relative humidity
were controlled during the analyses in order to remain
within the ranges of 23 ± 1 °C and 55 ± 1%, respectively.
The gas mixing system is not fitted with internal
temperature sensors. However, the internal pressure is
controlled by using a digital manometer with precision of
± 0.001 bar. The pressure measurements provided by the
digital manometer are employed by the system software to
control the admission of the components of the gas mixture,
in order to achieve partial pressures corresponding to the
desired molar fractions (% mol mol-1). Changes in the
internal temperature of the system will not affect the results
in a significant manner, because the preparation of the gas
mixtures is based on the actual pressure values.
The GC analyses were carried out by using a gas
chromatograph (GC-2014, Shimadzu) using a 30-meter

Results and Discussion
After a preliminary inspection of the NIR spectra, the
range 4,000-6,500 cm–1 was selected in view of its large
signal-to-noise ratio compared to other spectral regions.
The intervals 4,000-4,600 cm–1 and 5,500-6,500 cm–1
correspond to combination bands and first overtones of
CH, CH2, CH3 related to the main hydrocarbons (methane,
ethane, propane) of the gas samples.22,23
Figure 2a presents the NIR spectra of three mixtures
prepared in this study. In order to remove the baseline
features, first-derivative spectra were obtained by using
the Savitzky-Golay method with a 2nd order polynomial
and a 3-point window. Figure 2b shows the resulting
derivative spectra, which were used in all the subsequent
calculations.
An exploratory analysis of the spectral data was
carried out by using principal component analysis (PCA).
As can be seen in Figure 3, the 45 calibration samples
form an adequate envelope around the prediction samples
(22 prepared mixtures + 3 certified mixtures + 8 real NG
samples), which is convenient to avoid extrapolations in the
model predictions. Indeed, this is the main motivation for
calibrating the PLS model with prepared mixtures instead
of real samples, which display a much smaller variability
in the PC score plot.
The PLS models for methane, ethane and propane were
built by using 1, 4 and 5 factors, respectively. The three
elliptical joint confidence regions (EJCRs) (obtained on
the basis of a linear regression between the reference and
predicted gas concentrations) are presented in Figure 4,
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Figure 4. Elliptical joint confidence regions for the methane, ethane and
propane models (confidence level of 95%).
Table 1. Figures of merit for the methane, ethane and propane models
LOD /
(% mol mol-1)

LOQ /
(% mol mol-1)

Precision /
(% mol mol-1)

Methane

1.0

3.0

0.9

Ethane

0.6

1.9

0.1

Propane

0.4

1.3

0.3

Model

Figure 2. (a) NIR spectra (4000-6500 cm ) of three mixtures prepared
in this study; (b) derivative spectra.
-1

Figure 3. PC1 × PC2 score plot of the data set. The variance explained by
each principal component is indicated at the corresponding axis.

for a confidence level of 95%. All the EJCRs contain the
ideal intersection point (slope = 1, intercept = 0), which
indicates that the bias in the PLS model predictions was
not significant.24 The precision, limit of detection (LOD)
and limit of quantification (LOQ) for each analyte are
presented in Table 1.
Figure 5 presents a comparison of the prediction
results provided by the PLS models and the corresponding

LOQ: limit of quantification; LOD: limit of detection.

reference values (certified values for the 3 certified
mixtures and GC results for the 22 prepared mixtures and
8 real NG samples). It is worth noting that the PLS model
was built by using calibration mixtures prepared by the
automatic system, according to the composition defined
by the Brereton design. Therefore, the GC analysis was
not needed in the multivariate calibration process. In the
prediction phase, the results associated to reference values
smaller than LOQ were not considered, since the model
predictions are not reliable in this case.
As can be seen in Figure 5, there is no systematic
error, since the results are distributed on both sides of
the bisectrix lines. As indicated in the graphs, the rootmean-square errors of prediction (RMSEP) for methane,
ethane and propane were 3.0, 0.9 and 1.2% mol mol-1,
respectively. These values are approximately 10 times
smaller than the corresponding calibration ranges, which
were 62.5-100, 0-17.1 and 0-11.1% mol mol-1. The bias
values were also small (0.6, 0.2 and 0.2% mol mol-1 for
methane, ethane and propane, respectively). In relative
terms, the worst result was obtained for propane, which is
also reflected in a slightly smaller value for the correlation r
between predicted and reference values (also indicated in
the graphs). This finding may be ascribed to the smaller
concentration range of propane compared to the other
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Conclusions

Prepared mixtures

Predicted value / (% mol mol-1)

Certified mixtures

8.0

This paper investigated the use of an automatic system
for preparation of gas mixtures in a multivariate calibration
problem involving NIR spectrometric analysis of natural
gas. The use of prepared calibration mixtures is of value
to form an adequate envelope around the samples to be
analyzed, which is convenient to avoid extrapolations in
the model predictions. For this purpose, the automatic
system is convenient to reduce the manual workload in the
preparation of the mixtures and to minimize the possibility
of human errors.
The NIR spectra of 45 prepared mixtures in the range
4,000-6,500 cm-1 was employed to build PLS models for
determination of methane, ethane and propane, which
are the major components of natural gas. The prediction
performance of the resulting models was evaluated by using
a separate set of 22 prepared mixtures and 8 natural gas
samples, with composition analyzed by gas chromatography,
as well as 3 certified mixtures. Only the results associated to
reference values larger than the limit of quantification were
considered.The resulting RMSEP values for methane, ethane
and propane (3.0, 0.9 and 1.2% mol mol-1, respectively)
were approximately 10 times smaller than the corresponding
calibration ranges, with correlations of 0.91, 0.96 and 0.86
between the predicted and reference values. No systematic
error was observed. In addition, the prediction errors for the
certified mixtures and real NG samples were comparable to
the errors obtained for the prepared mixtures. The results
of this investigation reveal that the automatic system for
preparation of gas mixtures is indeed of value for use in
multivariate calibration applications.
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Supplementary data (tables of concentrations of the
components in the mixtures) are available free of charge
at http://jbcs.sbq.org.br as PDF file.
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Figure 5. Comparison of the prediction results provided by the PLS
models and the corresponding reference values for methane (a); ethane (b)
and propane (c). The root-mean-square error of prediction (RMSEP), bias
and the correlation between predicted and reference values (r) is indicated
in each case. Only the results associated to reference values larger than
LOQ are presented.

two gases. Finally, it is worth noting that the prediction
errors for the certified mixtures and real NG samples are
comparable to the errors obtained for the prepared mixtures.
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