
ABSTRACT 

JANGALE, VILAS VYANKATRAO. Real-time Characterization of Gaseous Fuels using 

NIR Spectroscopy and Multivariate Calibration. (Under the direction of Dr. Alexei Saveliev). 

A number of gaseous fuels with variable composition and heat content are presently used for 

power generation.  These fuels include natural gas, liquefied natural gas, opportunity fuels 

and their blends.  In particular, there is a growing interest in the use of opportunity fuels such 

as syngas, landfill gas and biogas.  Once adequately cleaned, the most challenging issue in 

utilizing these opportunity fuels in engines and gas turbines is that their compositions can 

vary from site to site and with time depending on feedstock and process parameters.  For 

improving efficiency and reducing emissions from engines and turbines, it is desired to 

measure the composition of gaseous fuels in real-time and maintain the air-fuel ratio at the 

desired value.  However, conventional methods such as gas chromatography and calorimetry 

require long analysis times.  Other methods are component specific and are usually cross-

sensitive to other fuel components.  This work focuses on developing a real-time method for 

determining the composition of a variety of opportunity fuels and their blends with natural 

gas.  Near infrared absorption spectroscopy is applied for measuring C1 to C4 alkanes and 

carbon dioxide present in natural gas, landfill gas and their mixtures.  The data processing 

algorithm based on multivariate regression methods is developed to address the strong 

spectral interference of individual fuel components.  The measurement algorithm is further 

extended to joint processing of data from optical and non-optical sensors.  A non-dispersive 

infrared sensor is used for measuring carbon monoxide and a palladium-based sensor is 

employed for measuring hydrogen.  The measurements obtained from different, real-time gas 

detection techniques are processed collectively using multivariate regression methods to 

remove non-selective part from the measurements and estimate the fuel composition with 



adequate accuracy.  The effects of sample composition, instrumental and environmental 

parameters such as pressure, temperature, baseline variation and drift on the spectra are 

investigated.  Performance of the method is studied in terms of accuracy, resolution, and 

sensitivity. The feasibility of measuring water vapor is evaluated using a numerical analysis. 
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1 Introduction 

1.1 Compositional variability of gaseous fuels 

Natural gas is widely utilized for heat and electricity generation in internal combustion 

engines, turbines, fuel cells and other energy systems. It is primarily a mixture of saturated 

C1 to C4 hydrocarbons. The composition and energy content of natural gas varies depending 

on the geographical source, climate, time of year and other parameters specific to the 

processing and transportation. Due to the volatility in the supply and pricing of natural gas 

and increasing environmental demands, the opportunity fuels, also called unconventional or 

alternative fuels, are rapidly displacing natural gas. Many opportunity fuels are typically 

generated onsite. Some popular examples of opportunity fuel gases are landfill gas, coalbed 

methane, syngas and refinery gas. Fig.  1 shows the typical compositions of natural gas and 

various opportunity fuels. The molar fraction of methane can be as high as 95% in natural 

gas or as low as 5% in producer gas. The same is true for other components. As a result, the 

heating value also varies in a wide range. Natural gas typically has a heating value of 30 

MJ/m
3
; on the other hand producer gas has a heating value of only 5 MJ/m

3
. Moreover, for 

each fuel type, component concentrations and heating values can vary in a wide range as 

shown in Table 1. 

Landfill gas is produced by anaerobic microbial degradation of municipal solid waste and 

contains approximately equal amounts of methane and carbon dioxide with smaller amounts 

of nitrogen, oxygen and trace organic compounds [1]. Newly developed purification methods 

[2] are utilized to remove moisture, siloxanes, chlorinated hydrocarbons and particulates 

from landfill gas. This cleaned gas can then be sold as a medium heat content fuel for use in 

boilers, furnaces, turbines [3], engines [4], fuel cells [5], [6] or used on-site [7] for 

cogeneration of heat and electricity. The composition of landfill gas varies widely depending 

on the type and age of waste, moisture content, nutrients, temperature and presence of 

oxygen [8].  Due to these factors, the gas composition also changes over time. 
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Syngas is typically composed of carbon monoxide and hydrogen with small fractions of 

carbon dioxide and methane.  The composition of syngas varies depending upon the 

gasification parameters. Gasification mechanisms involve partial oxidation of carbonaceous 

materials with limited supply of oxidizer in a form of air or oxygen/nitrogen mixtures.  The 

composition of the gas depends on reactor type, temperature, pressure, fluidization velocity, 

height of reactor bed, equivalence ratio, air to steam ratio, characteristics of biomass 

resources and the extent to which different reactions occur in the process. Thus, the 

composition of syngas varies by a large amount for each gasifier. A box and whiskers plot in 

Fig.  2 shows a statistical summary of the compositional data collected at 28 different sites of 

producer gas [9]. For each component of producer gas, the plot shows the minimum, lower 

quantile, median, mean, upper quantile and maximum values of various component 

concentrations in the collected samples. These values indicate statistical spread and 

distribution of the concentrations. 

 

 

Fig.  1. Comparison of typical compositions and heating values of natural gas and 

opportunity fuels. 
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Fig.  2. Box and whisker plot showing syngas compositional variation. The data is 

collected from 28 different sites [9]. 

Table 1. Compositional variability of hydrocarbon fuels. 

 Natural gas Landfill gas Syngas Refinery gas 

CH4, % 80 – 95 45 – 60 5 – 7 23 – 41 

C2 to C4, % 1.6–7.2 0 0.3 – 0.6 11 – 24 

CO2, % 0.1 – 1 30 – 60 12 – 15 0 – 0.1 

CO, % 0 0 12 – 17 0.5 – 0.9 

H2, % 0 0 7 – 12 22 – 35 

N2, % 0.7–5.6 2 – 20 39 – 42 7 – 11 

HV, MJ/m
3
 28 – 37 15 – 20 4 – 6 17 – 34 

 

0

20

40

60

80

C
o

n
ce

n
tr

at
io

n
 i

n
 s

y
n

g
as

, %

H
2
        CO        CO

2
       CH

4
       N

2



 

4 

Fig.  3 shows the concentrations of methane and carbon dioxide in landfill gas measured at 

10-minute intervals over a period of 10 days at a landfill site. The site has a landfill gas to 

energy facility in which two 1.6 MW/hr stationary engines are continuously supplied with the 

landfill gas generated on-site to produce electricity. The concentrations of both components 

keep fluctuating even over shorter time intervals. The pattern in the variation is similar for 

both gases; however, this is not necessarily true always. Methane concentration continuously 

fluctuated between 35 to 40%, whereas carbon dioxide concentration fluctuated between 30 

to 40%. This also resulted in a proportional variation in the energy content of the gas. 

 

Fig.  3. The concentrations of methane and carbon dioxide in landfill gas being supplied 

to two 1.6 MW/hr stationary engines that produce electricity at a landfill gas to energy 

facility. The measurements are performed by an automated gas chromatograph at 10 

minute intervals spanned over a period of 10 days. 
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1.2 Necessity of fuel composition measurement 

The wide variability in the fuel composition results in a corresponding variation in the fuel 

heating value and other physical/chemical properties such as methane number and Wobbe 

Index (WI), which have significant influence on engine/turbine efficiency and the amount of 

hazardous emissions such as soot, nitrogen oxides, carbon monoxide and un-burnt 

hydrocarbons. On the other hand, engines and turbines are designed to work in a 

predetermined range of fuel properties such as density, air-fuel ratio, methane number, 

laminar flame speed and Wobbe Index. Methane number represents the relative proportion of 

carbon and hydrogen atoms in the fuel. Wobbe Index depends on the energy content and 

specific gravity of the fuel. All these properties depend strongly on the fuel composition, 

which may vary with time depending on several parameters associated with the chemical, 

thermal or biological processes involved in the production/processing of these fuels. 

As combustion is a very fast and complex process involving many intermediate steps, it is 

difficult to understand the exact reasons and mechanisms behind the formation of undesired 

combustion by-products. However, generally, the air-fuel ratio is an important parameter 

affecting the process efficiency and emissions. For example, in gas turbines, for a given 

power, the amount of NOx in the emissions is reduced with increasing inerts (CO2 and/or N2) 

in the fuel or air stream [10]. Generally, with more diluents, the Wobbe Index, adiabatic 

flame temperature, chemical reaction rate and the laminar flame speed decreases and the 

flame thickness increases [11]. 

Thus, reliable and efficient use of different fuels in engines and turbines requires proper fuel-

air mixture composition to maintain flame/combustion stability, emission levels, output and 

efficiency. Also, it is desired to avoid potential engine/turbine shut down and to prevent 

damage to the equipment due to use of fuel outside of recommended specifications. One of 

the possible approaches is to implement a feed-forward control strategy. The incoming fuel 

composition can be measured in real-time. This information can be provided as a feed 

forward input to engine/turbine control module to accordingly adjust the amount of intake air 
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to maintain a desired fuel-air equivalence ratio. Thus, fuel quality sensors and feed-forward 

control strategies will enable running of engines/turbines efficiently over a wide range of fuel 

compositions. The knowledge of the fuel composition and energy content would also enable 

accurate fiscal gas metering in custody transfer applications. 

1.3 Conventional methods of measuring fuel composition and 

heating value 

The conventional methods used for fuel gas composition analysis are gas chromatography 

and calorimetry, both invasive. In gas chromatography (GC), the mixture to be analyzed is 

diluted in an inert gas such as helium, hydrogen or nitrogen and is passed through a capillary 

or packed bed column, in which different compounds elute at different times called retention 

time. The retention time allows identification of a component. The heating value can then be 

calculated from the measured composition. 

Calorimetry, on the other hand, can be used only for measuring heating value and not the 

composition. In general, calorimetry measures the heat of chemical reactions. Constant 

volume calorimetry, also called bomb calorimetry, measures the internal energy change 

between reactants and products, whereas constant pressure calorimetry measures directly the 

enthalpy change during the reaction. These two heats are slightly different when gases are 

generated or consumed during the transformation. Heat evolved during a reaction changes 

the temperature of a working substance (e.g. water bath) with a known heat capacity. Thus a 

measurement of temperature rise in the surroundings allows determination of the heat 

crossing the system boundary. 

Calorimeters, used for measurement of natural gas energy content, generally use indirect 

method. In this method, the fuel sample is continuously mixed with dry air. The fuel-air 

mixture is oxidized, sometimes in the presence of a catalyst and the concentration of oxygen 

or carbon dioxide in the combusted sample is measured [12]. Sometimes, a constant exhaust 

temperature is maintained by precisely regulating the air supplied (i.e. lower air flow when 
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heating value is higher and higher air flow when heating value is lower). The airflow is 

monitored and heating value of the gas sample is estimated [13]. 

Table 2 compares some of the commercially available sensors based on their measurement 

range, response time, accuracy and repeatability. Though the most widely used gas 

chromatographs and calorimeters are very accurate in measuring the compositions and 

heating values, they have several drawbacks: 

 They are very expensive (usually more than USD 20,000). 

 They need frequent maintenance. 

 Skilled operators are needed to operate them. 

 They have long response times, often more than 5 minutes. Hence they do not provide 

real-time measurements. 

 Tedious sampling and sample conditioning is required before laboratory analysis at a 

central location. 

Research efforts are being made to shrink the GC technology, however, no significant 

reduction in price or analysis time is anticipated in near future. Due to the high cost, it is not 

feasible to install GCs at all the end-user locations. However, they are often installed at a 

central measurement location, where there is a sufficient operating volume of natural gas to 

justify the cost. For example, in custody transfer applications, this minimum volume 

translates to about 25 to 30 MMSCFD (Million Standard Cubic Feet per Day) [14]. The 

heating value for the gas composition determined at this location is multiplied by the flow 

rate to calculate the energy delivered at the end-user location. For effective economy, it is 

necessary to know the energy content of the fuel at the end-user location. Thus, there is the 

need for an alternative low-cost, real-time fuel composition analyzer.
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Table 2. Comparison of commercially available sensors for natural gas analysis. 

Method Product name  Span Repeatability Accuracy Response time Disadvantages 

Calorimetry 

BTU Analyzer COSA 

9600™ 

Wobbe index 

0-2730 

BTU/SCF 

±O.7 BTU/SCF 

±0.4% for natural 

gas, ±2.0% for 

refinery gases 

  

Short temperature range 

10 to 40 ºC (50 to 104 F); 
Drift: 0.4 BTU/SCF/24 

hours 

Tru-Therm H Gas 

Penetrator 

Calorimeter by 

Precision Gas 

Instruments Inc. 

700 - 1750 

BTU 

1/10 percent of 
Measured Value (1 

BTU) 

    Limited BTU range 

Flo-Cal High-Speed 

Calorimeter by 

Thermo Electron 

Corporation 

Low range: 

<1500 
BTU/SCF and 

High range: 

>1500 
BTU/SCF 

Low Range=±1.0% 
of full scale value; 

high Range=±1.2% of 

full scale value 

± 1.0% of full scale 

value 

High range = ± 
1.5% of full scale 

value 

Low range = 1.5 

minutes plus sample 
transport time; High 

range = 3.5 minutes 

plus sample transport 
time 

costly, 10K +, not real 

time - tens of seconds – 3 

min, cannot be used to 
measure mixture 

components 

Gas 

chromatogrpahy 

ABB Totalflow NGC 

8200  
N/A 

±0.25 Btu @ 1,000 
BTU (±0.025%) over 

temperature range of 

0 to 131°F (-18 to 
55°C) 

0 to 131°F 
(-18 to 55°C) 

5 min Long cycle time (5 min) 

FXi Series5™ by 

Applied Instrument 

Technologies 

N/A   
 -15 to 50 C (5 to 

122 F) 
  

Max. supply pressure is 

414 kPa (60psi), 

Chromatographic grade 
(CG) required 

Agilent 7890A  N/A < 0.008% 4 °C to 450 °C.   999.99 min (16.7 h) 
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Table 2 Continued 

Method Product name Span Repeatability Accuracy Response time Disadvantages 

Gas 

chromatogrpahy 

HGC303 by COSA 

Inc 
N/A 0.05% 

14°F to 122°F (-

10°C to 50°C) 
5 min 

Long cycle time (5 min); 
7 to 70 psig measured at 

flow meter inlet, co-

existing component limits: 

H2, He, O2, H2S (dry) < 

0.1 mol% each, ~ $20K, 

moisture 2000 ppm or less 

Gas 

chromatogrpahy 

Daniel® 

Danalyzer™ 

Models 570/571 

N/A +/- 0.05% CV 
 

4 min 

20K+, analysis cycle time 

2 to 12 minutes, require 

well trained personal for 
maintenance and 

operation 

Speed of sound 

correlation 

GasPT by 

Advantica 

942 to 1143 
BTU/SCF 

±0.04 MJ/m³, ±1.1 
BTU/SCF 

±0.20 MJ/m³, ±5.4 
BTU/SCF 

50 s at 1 l/min purge 
rate 

price ~ $18,000 

MEMS 

Siemens Natural 

Gas Analyzer 

SITRANS CV 
 

< 0.01% < 0.1% 

Response time < 180 

s 

Temperature range -

20 to 55 C 

 

Spectra Sensors 

SS3000 Dual 

Channel CO2 

Analyzer 

0-10% CO2 

±1% of reading, or 
±0.04% (400 

ppmv), whichever is 

greater 

 
0.25-2 s Costly ~ USD 34000 

Photometry 

X-Stream General 

Purpose Compact 

Gas Analyzer 
 

< 1% 
 

Response time 4 s to 

7 s 
Temperature range 0 

to +50°C (32 to 

122°F) 

Limited flow range: 0.2 - 

1.5 l/min, maximum gas 

pressure < 1,500 hPa abs. 
(< 7 psig) 

Infrared 

absorption 

GEM™2000 by 

LANDTECH 

Methane 0-

100%; Carbon 

Dioxide 0-60% 
Oxygen 0-25% 

 

Full Scale methane 

±3.0% (100%), 

±3.0% (60%), ±1.0% 
(21%) 

Response time <= 20 

s 
Low accuracy 
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1.4 Spectroscopy based methods 

Vibration spectroscopy is becoming widely used for multicomponent gas mixtures analysis. 

The mid-infrared, near-infrared and Raman spectroscopy are commonly used methods in 

vibrational spectroscopy. These methods provide information about functional groups present 

in a molecule. Raman and infrared spectroscopy provide complementary information about 

the vibrational bonds in a molecule. Raman spectroscopy is based on inelastic scattering of 

light photons by molecules. The signal produced by Raman scattering is very weak, since 

only one in every 10
6
 – 10

8
 photons which scatter is Raman scattered [15]. Thus, a high-

powered laser source is generally used in order to obtain a measurable Raman signal. Also, 

highly sensitive charge coupled devices are required in Raman spectroscopy. An advantage 

of Raman spectroscopy is that the shift in the frequencies due to Raman scattering is 

independent of the excitation frequency. This allows the user to select a laser of any 

frequency. However, as Raman scattered light intensity is proportional to the fourth power of 

frequency, with increasing frequency, Raman signal falls off rapidly. The method has been 

used for natural gas analysis [16], [17]. Kiefer et al [18] have implemented Raman based 

sensor for real-time natural gas analysis at a gas turbine power plant. 

Other possible measurement methods are laser absorption spectroscopy [19] and laser 

induced fluorescence [20]. However, these methods would be really expensive as one laser 

will be required for each component in the fuel, since the molecules can absorb light only at 

certain wavelengths. On the other hand, in Raman scattering, as only the shift in the light 

frequencies are measured, the frequency of the incident light source does not matter. Thus, a 

single laser can be used to detect and measure all species. 

1.5 Near infrared absorption spectroscopy – a potential 

alternative method 

The use of near infrared (NIR) absorption spectroscopy for measuring the heating value of 

natural gas was first proposed by Brown and Lo [21]. Hydrocarbons have three distinct 

absorption bands in 900 to 1700 nm. Each of these bands has high correlation to the energy 
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content of natural gas. The heating values can be estimated with 0.5% accuracy. The infrared 

absorption spectroscopy has also been used for measuring natural gas composition [22]. 

The NIR spectroscopy has become a popular technique in pharmaceutical, food, chemical 

and semiconductor industries. It is very widely used for identification of chemical 

compounds. It does not require sample preparation, is noninvasive and is very suitable for on 

line applications. In the past few decades, the NIR absorption spectroscopy has emerged as a 

powerful method for compositional analysis of gas mixtures. The advent of fast computing 

technology has enabled real-time processing of huge amounts of spectral data. Advanced 

multivariate calibration techniques can accurately correlate the spectra to chemical 

compositions and other physical/chemical properties of mixtures. 

Infrared spectroscopy provides information about the rotational and vibrational (stretching, 

bending, scissoring etc.) modes of functional groups in a molecule. Stretching vibrations are 

the most important compared to other modes of vibration such as bending, scissoring etc. 

Light in the near infrared wavelength range (780 nm to 2500 nm or 4000 cm
-1

 to 12800 cm
-1

) 

is used to induce vibrations in covalent bonds. Only polar covalent bonds absorb infrared 

light. Thus, they are called to be active in infrared region. The intensity of an absorption band 

depends on the magnitude of dipole moment of the bond. Strong polar bonds such as 

carbonyl (C=O) produce strong absorption bands. Asymmetric covalent bonds show weaker 

absorption and symmetric bonds show the weakest absorption. The fundamental vibrational 

frequency of a bond can be computed using a quantum mechanical harmonic oscillator model 

described in many textbooks and reference books. The fundamental vibrational frequencies 

generally lie in the mid infrared region near 3 μm. The overtones of these fundamental 

vibrational modes produce absorption bands of lesser magnitudes. The overtones occur in the 

near infrared region and generally overlap with each other. One of the problems with the use 

of mid infrared region is that water has a very strong absorption in that region. Thus, even a 

small amount of water is present in the sample can be problematic. 
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The near infrared absorption spectroscopy is based on Beer-Lambert law. The law states that 

the amount of light absorbed by a gas at a given wavelength depends on its absorption 

coefficient at that particular wavelength, optical path length and the number density of the 

gas molecules. Consider that at a given wavelength λ, I0 is the incident intensity, I is the 

transmitted intensity, σ is the absorption cross section, L is the optical path length and N is 

the number density of the gas molecules. Beer-Lambert law can then be mathematically 

expressed as: 
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The absorbance is calculated as 
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When the path length L and absorption cross section σ are known and absorbances are 

measured experimentally, the number density N of the gas molecules can be calculated. The 

law can be extended to a mixture of gases, assuming that there is no chemical interaction 

among the mixture components. 
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(1.3) 

Here, j is the number of wavelengths at which the absorbances of the mixture are measured 

(   ). A1, A2, . . ., Aj are the absorbances measured at wavelengths λ1, λ2, . . ., λj; N1, N2, . . ., 

Nn are the number densities of the mixture components and σij is the absorption cross section 
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of the i
th

 component at j
th

 wavelength. Generally, the spectra of known mixtures are 

correlated to their compositions using multivariate regression methods. The developed 

regression model is then utilized to estimate the compositions of unknown mixtures. 

1.5.1 Non-dispersive infrared spectroscopy 

In non-dispersive infrared absorption spectroscopy, a single wavelength is selected at which 

only the target gas absorbs light. The absorbance at this wavelength is correlated to the 

component concentration using univariate calibration techniques. The concentration is 

proportional to the absorbance. It is desired that no other component from the gas mixture 

should absorb light at this selected wavelength, otherwise, this will result in cross-sensitivity 

to those components and the measurements will be erroneous. The path length required 

depends on the magnitude of light absorption by the target component at the considered 

wavelength. 

This method can be used to measure only one component at a time. In order to measure more 

than one component simultaneously, an independent sensor will be required for each 

component. Also, it may be difficult to find out a particular wavelength at which the target 

compound does not have spectral interference from any other compound. 

1.6 NIR spectral data analysis 

In the last few decades, due to the advent of high speed computing technology, 

multicomponent analysis using multivariate calibration methods have seen applications in 

numerous fields, such as, pharmaceuticals, food science, environmental chemistry, genetics, 

psychometry etc. In these fields, in many cases, the desired properties cannot be directly or 

easily measured, e. g., composition of a liquid or gas mixture. In such cases, the 

measurements from other techniques, such as, spectroscopy, are used to get an estimate of 

unknown property. This situation gives rise to a few dependent variables and a few hundred 

or sometimes, even thousands of independent variables, for example, absorbances in a 

particular wavelength range. The goal is to estimate the values of unknown or dependent 
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variables using independent variables. To accomplish this, a calibration model is developed 

from known data and this model is used to estimate unknown properties in future. As the 

data, generally, involves collinear or nearly collinear variables, it has been found that 

univariate calibration does not produce accurate and stable results [23]. In multivariate 

calibration, measurements of known samples are collected. The measured data is compressed 

using advanced multivariate statistical methods. A calibration model is developed by 

regressing the compressed data onto the dependent variables and this model can be used for 

estimating the properties of samples in future. 

Multivariate data analysis aims at classification or compression of the data. Classification in 

itself is another branch of multivariate analysis and we will focus only on data compression 

here, as it will be useful in multicomponent analysis. There are a number of methods used for 

reducing the dimensionality of the data, such as, the principal components analysis (PCA), 

factor analysis etc. However, not all of them can be used with linear regression in order to 

develop calibration models. Thus, we will focus on the two most widely used methods – 

principal components analysis and factor analysis. The output data from these methods is 

used as an input to linear regression. The dependent and independent variables are correlated 

by regression coefficients. This method is called the principal components regression (PCR). 

The other most widely used method for multicomponent analysis is the partial least squares 

regression (PLSR, often referred to as PLS). There are two variations of the PLS method – 

PLS1 and PLS2. Essentially, the statistical structure of these two methods is very similar. 

The method is called PLS1 when there is only one dependent variable and PLS2 is used 

when there is more than one dependent variable. In the literature, many variations of 

mathematical formulations of the PCR and PLS methods can be found in [23 – 31]. The idea 

of regressing principal components onto independent variables instead of original data was 

first proposed and successfully implemented in 1965 [24], while the PLS was developed 

recently in 1970s [25], [26]. Though, most of the reference papers or books cited here are 

related to spectroscopic data, the PCR and PLS can be applied to non-spectroscopic 
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measurements as well. The primary focus will be on spectroscopic data in order to gain better 

insight into multicomponent analysis. 

1.6.1 Challenges in NIR multicomponent analysis 

The most important problems arising in analysis of the near infrared spectra of 

multicomponent gases are as follows: 

Non-selectivity: In the NIR wavelength region, it is often difficult to select a few 

wavelengths, which provide information about all the components of a mixture. The 

absorbances at all wavelengths are affected by physical and chemical properties of the 

mixture. It has been found that even the best possible results obtained by univariate (using 

absorbance at only one wavelength) calibration models are very poor. It is advantageous to 

utilize information from several or even all the spectral variables. 

Collinearity: When the variables have high correlations or near or exact linear relationships 

between them, it has been found that the methods based on least squares cannot provide 

accurate analysis of the measurements. 

Nonlinearity: In most of the cases, a linear model is sufficient to model the relationship 

between absorbances and gas properties, sometimes, nonlinear models can provide 

considerable improvement in the accuracy. 

Calibration data selection: In order to determine the unknowns in a calibration model, data 

from a number of samples is collected and a model is developed. The quality of the 

calibration model depends on the number of samples and how they are selected. The 

calibration samples should span the natural range of variability. 

Outliers: In statistics, an outlier is an observation that is numerically distant from the rest of 

the data. It can occur because of a measurement error and can cause erroneous results. In 

order to deal with these important problems, the principal components regression and partial 

least squares regression have been developed. 
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1.6.2 General model structure of PCR and PLS 

In the PCR and PLS methods, a few linear combinations of the original variables are 

regressed onto the dependent variables. This also removes irrelevant and unstable 

information from the data. Experience and theory has shown that this approach gives more 

stable and improved prediction results. Suppose, X       is a matrix of absorption spectra 

of m mixtures of k components measured at j wavelengths and y       is a matrix of 

component concentrations and heating values. Each row of X represents an absorption 

spectrum of a particular mixture and each column represents the absorbances at a particular 

wavelength. Each row of y is the composition of a calibration mixture and each column has 

the concentrations of a particular component in all the mixtures. The general model structure 

for both the methods is given by Eq. (1.4) [23]. 

 

TX TP E

y Tq f

 

 
 

(1.4) 

Here, T is the called scores matrix and consists of selected number of linear combinations of 

X. The matrices P and q are called the loadings and describe how the variables in T relate to 

the original data in X and y. The matrices E and f are called residuals and represent the noise 

in X and y respectively. 

The methods PCR and PLS differ in the computation of the scores matrix T and this will be 

discussed later. However, in both cases, the scores matrix consists of the linear combinations 

of X. The matrices P and q are computed by regressing X and y on the scores matrix T. The 

residuals are computed by subtracting TP
t
 and Tq from X and y respectively. Let b̂  be the 

matrix of regression coefficients, then the properties of an unknown mixture can be estimated 

using Eq. (1.5). Generally, the data matrix X is mean centered before any computations. In 
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that case, 0b̂  becomes equal to the mean centered outputs matrix y . The procedure to 

compute b̂  is discussed later. 

 

0
ˆ ˆ ˆˆ t ty b x b y x b     

(1.5) 

1.6.3 Principal components regression 

In the principal components regression, the principal components analysis of the data matrix 

X is first carried out. In the PCA, the covariance matrix ∑        or correlation matrix R 

       of data matrix X is computed. The correlation matrix is used, when the independent 

variables are measured on different scales, otherwise, generally, the covariance matrix is 

used. If (Λ1, e1), (Λ2, e2), . . . , (Λj, ej) are the eigenvalue-eigenvector pairs of ∑ or R, where Λ1 

≥ Λ2 ≥ . . . Λj ≥ 0, then the ith principal component is given by ei
T
X,            . Thus, 

each principal component is a linear combination of original variables in X. The amount of 

variance explained by the i
th

 principal component is given by Eq. (1.6). 
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(1.6) 

Thus, the first principal component explains the maximum variability in the data, the second 

component accounts for as much of the remaining variability as possible and so on. The 

principal components are uncorrelated and have variances equal to the eigenvalues of ∑ or R. 

The scores matrix T consists of the desired number of principal components. The criterion to 

choose the number of principal components is described later. The matrix P and q are 
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computed by regressing X and y on the scores matrix T as mentioned before. The regression 

coefficients matrix b̂  is computed using Eq. (1.7). The property ŷ  for a new sample can then 

be predicted using Eq. (1.5). A sample R code to develop a PCR model is given in the 

Appendix B. 

 

ˆ ˆ ˆb = Pq  

(1.7) 

1.6.4 Partial least squares 

In the PLS, the covariance between the predictor variables X and the outputs y is maximized, 

unlike PCR, which considers only the variance among the predictor variables. The first PLS 

component obtained by maximizing the variance between X and y is denoted by ˆ
1w . It is 

called the first loading weight vector. The scores 1̂t , loading vectors 1̂p  and 1̂q  

corresponding to the first loading weight vectors are computed as follows. The subsequent 

scores 2̂t , loading vectors ˆ
2p  and ˆ

2q  corresponding to the second loading weight vectors are 

computed from X0. The procedure is described in more details in [27]. 
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1 1
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0 1 1

0 1 1

t = X w

p =(X X)X t

q =(Y Y)Y t

X = X - t p

Y =Y - t p

 

(1.8) 

The procedure is continued until the desired number of components is extracted from the 

data. The regression coefficients are calculated using Eq. (1.9). 
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ˆ ˆ ˆ ˆ ˆt -1b =W(P W)q  

(1.9) 

The property ŷ of a new sample can then be predicted using Eq. (1.5). The PLS procedure 

can be extended to more than one y variables. In that case, the method is called PLS2. The 

only difference will be, instead of maximizing the covariance between y and linear functions 

of x, we need to maximize the covariance between two linear functions, one in X and one in 

y. 

The main difference between the PCR and PLS is that in PLS, the dependent variables are 

considered in the data analysis from beginning. Thus the structure of y influences the first 

step – PCA decomposition of the data matrix X. For the PCA, there are a number of 

numerical algorithms employing different formulations. NIPALS (Nonlinear Iterative Partial 

Least Squares) is perhaps one of the most widely used algorithms for extracting the principal 

components one at a time in a step by step fashion for achieving greater computational 

efficiency. These algorithms have been described elsewhere [28]. 

It is clear from the statistical formulation of PLS, that, a separate model can be fitted to each 

y or all ys together. It depends on whether the elements of y are correlated or not. If the 

elements of y are independent (or not correlated), then it is necessary to consider each y 

separately and fit a regression model. On the other hand, when the elements of y are 

correlated, then a single model is fitted to the data. To determine this, first, the principal 

components analysis of the matrix y is carried out and if the number of components 

accounting for most of the variance is very small, then it implies that the elements of y are 

correlated. In that case, a single model should be built considering all y’s at once. 

When the number of components A equals to the number of predictor variables j, the PCR or 

PLS model becomes equivalent to the multiple linear regression (MLR). It is clear that only 

the scores and loadings are used to calculate regression coefficients and the residuals are 

discarded. 
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1.6.5 Variations of PCR and PLS 

Some modifications to the PCR and PLS have been proposed for improving stability and 

prediction accuracy of calibration models. For improving stability in a calibration model, the 

most informative spectral region can be found using unsupervised pattern recognition based 

on segmented approach. The model built using such a spectral region can give accuracy 

higher than conventional PCR and PLS models [29]. A partitioned PLS (PPLS) has been 

proposed for application to situations in which the process variables follow certain profiles 

during a specific period [30]. In PPLS, the predictor variables are partitioned into smaller 

subgroups and only those subgroups having high predictive power are identified and used in 

conventional PLS. This has been applied to a real pharmaceutical batch fermentation process 

and is found to produce more accurate results as compared to conventional PCR and PLS. In 

corss-fitted PLS, a simple modification to the NIPALS can lead to a more reliable PLS. The 

cross-fitted PLS components are easier to interpret and they avoid over-fitting of the data. 

Cross-fitted PLS also shows a slight improvement in the prediction accuracy than PLS, when 

there is a relation between X and y [31]. Stacked PLS is a method developed to simplify 

calibration transfer from one to instrument to another [32]. In stacked PLS method, the data 

from secondary instrument, can be used to generate regression models for both primary and 

secondary instruments without the need of conventional calibration transfer, which needs 

some measurements to be performed using both instruments. For non-linear modeling, 

rational function based ridge regression is a noteworthy alternative to (quadratic or linear) 

OLS or PLS [33]. Instrumental drifts can also be accounted in the PCR and PLS models. The 

drift subspace is estimated based on different types of drift data and then calibration model is 

corrected for the estimated drift subspace by orthogonal projection [34]. 

It is always recommended to compare both types of models – those built using the entire NIR 

spectrum and those built using smaller regions of the spectra. There are many methods, such 

as, jack knifing, forward selection, genetic algorithm, etc., used for wavelength selection. 

One or all of these methods can be selected depending on the nature of the data. For example, 

jack knifing is not suitable for highly correlated data, because it looks at each individual 
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variable and not at windows of variables [35]. The genetic algorithm and iterative PLS aid in 

visual interpretation of the data and provide information on what parts of the data are more 

important than others. A genetic algorithm based wavelength selection (GAWLS) method 

can be used in the Vis-NIR region to select a few most informative wavelength regions to 

construct robust and reliable PLS regression models [36]. In essence, variable selection 

should be looked upon as variable elimination, where irrelevant parts of the data are removed 

and important part of the data is kept for further analysis. 

The classical PLS is very sensitive to the presence of outliers and several methods have been 

proposed which are more robust towards data contamination. A partial robust M regression 

(PRM) method has been found to be give more accurate results than the PLS, when there 

outliers present in both X and y data. In the absence of outliers, the performance of both the 

methods is in the same range [37]. 

1.6.6 Factor analysis 

The principal component analysis, sometimes, suggests that several variables may be 

responding to a smaller number of underlying factors. The purpose of factor analysis is to 

find those factors. For example, the NIR spectrum of a mixture is the weighted sum of the 

spectra of its components. In other words, the spectra of pure components can be assumed to 

be the underlying factors of the spectra of mixtures. In such a case, the factor analysis may be 

an important tool for data analysis. The general structure of orthogonal factor model is given 

by Eq. (1.10) [38]. 

 

X = L F + ε  

(1.10) 

Here, X is the mean centered data matrix, L is called the matrix of factor loadings, F is called 

the matrix of factors and ε is a matrix of specific factors. There are two most popular 

methods of estimating the model parameters – the principal component method and the 
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maximum likelihood method. If (Λ1, e1), (Λ2, e2), . . . , (Λj, ej) are the eigenvalue-eigenvector 

pairs of ∑ or R, where Λ1 ≥ Λ2 ≥ . . . Λj ≥ 0, and j is the maximum number of factors, then the 

factors are estimated using Eq. (1.11). The factors are used as the columns of the matrix L of 

loadings. 

 

i i iF = Λ e , i = 1, 2, ..., j  

(1.11) 

The proportion of total variance explained due to ith factor is given by Eq. (8) [38]. 
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(1.12) 

The factor analysis is not widely used in regression. Before the application of this technique, 

it must be examined and compared to other methods, such as the PCA. In the literature, there 

are very few instances of factor scores being used in regression. 

Generally, as a first step, the data is mean centered before using it further analysis. However, 

this decision should be taken considering the nature of data. In PCR and PLS, the data is 

assumed to have (multivariate) normal distribution. After mean centering or scaling 

(standardization), the transformed variables may retain the original distribution, or may 

follow known distribution, such as, t distribution, or sometimes, may take bimodal, Dirac-

delta, Viking helmet distribution and uniform distribution may disappear [39]. 
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1.6.7 Number of components 

From the above discussion, it is clear that selection of the number of components is a critical 

step in the model accuracy. Inclusion of too few components implies under-utilization of the 

signal and may lead to under-fitting. On the other hand, inclusion of too many components 

means inclusion of noise in the data and may lead to over-fitting of the data. Generally, the 

available NIR data is divided into two sets, one for each – calibration and validation. A 

calibration model is built using the number of components in a particular range, say 1 to 20. 

The built models are used to estimate the properties of samples in the validation set. Let 

yactual and yestimated be the actual and estimated properties of n mixtures used for validation, 

then the root-mean-squared-error-of-prediction error is defined as 
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(1.13) 

A graph of RMSEP against the number of components, called scree plot, is plotted and the 

number of components corresponding to the minimum RMSEP is selected for future 

measurements. In addition to RMSEP, there are many other quantitative measures of model 

accuracy, such as, root mean squared error of calibration (RMSEC), root mean squared error 

of cross-validation (RMSECV), bias-measure etc. One or more of these measures are used to 

select optimum number of components. 

In cross validation, the data is divided in a pre-determined number of groups and then one 

group is deleted at a time and a number of parallel models are developed from the remaining 

data. The RMSEP for each model is calculated and finally from all RMSEs, a predictive 

residual sum of squares (PRESS) is computed, which is a measure of the predictive accuracy 

of the model. When RMSEC is used for estimating the model accuracy, it tends to select the 
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models with lower number of components than when RMSECV is used [40]. In most of the 

cases, the PCR and PLS have been found to give RMSEP in similar ranges [41], [42]. 

The PLS method can work even when there is moderate amount of missing data in both X 

and y.  The larger the data matrices, the higher the amounts of missing data those can be 

tolerated.  The NIPALS algorithm can replace missing values by those estimated by the 

model. However, the more the missing data, the higher will be the uncertainty in model 

accuracy [43], [44]. 

1.7 Technical challenges 

The most important technical challenge in using NIR spectroscopy for compositional 

analysis of hydrocarbon fuels is the highly overlapping hydrocarbon spectra. In the near 

infrared region, as already mentioned, the overtones of fundamental vibrational modes 

strongly overlay each other. Thus, it is very important to consider the shape/profile and 

strength of the absorption spectrum of a hydrocarbon in the presence of a background 

mixture of other interfering hydrocarbons. It is important to study whether the statistical 

methods used for NIR data analysis can effectively extract the required compositional 

information from the spectra. The other challenge is the possibility of the presence of water 

vapor, as it has a strong NIR absorption and can be problematic to weakly absorbing 

components such as carbon dioxide. Therefore, it becomes necessary to compare the 

spectrum of water vapor to the spectra of hydrocarbons and to study its effect on model 

prediction accuracy. These challenges have been addressed in detailed discussions later in 

this thesis. 

1.8 Thesis outline 

The objective of this research is to design, develop and validate an absorption spectroscopy 

based sensor for measuring the compositions and heating values of natural gas, landfill gas, 

syngas, refinery off-gas and the blends of these fuels. 
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Chapter 2 gives a detailed overview of the experimental setup which involves spectroscopic 

hardware for measuring the fuel spectra, mass flow control system for mixture preparation 

and data acquisition system for collecting the experimental data in real-time. The 

experimental procedure to measure the NIR absorption spectra and potential advantages of 

the sensor are discussed. 

In Chapter 3, the following analytical figures of merit are used to evaluate the performance 

of the sensor: signal-to-noise ratio, selectivity and limit of detection. Also, errors in measured 

quantities such as absorbances and component concentrations are considered in error 

propagation analysis to determine composite error in estimated composition. The net analyte 

signal is computed for each component to determine its selectivity. The limit of detection is 

also computed by comparing the net analyte signal to the root-mean-squared noise. 

In Chapter 4, mathematical algorithms are proposed to account for variation in the spectra 

due to gas density and spectrometer drift. The NIR spectra of methane, propane and carbon 

dioxide are measured at elevated pressures. The variation in the spectral profiles with 

pressure is studied. Two different algorithms are proposed to correct the spectra for drift 

induced errors. 

Chapter 5 discussed the application of the sensor for measuring the composition and heating 

value of landfill gas like mixtures of methane and carbon dioxide. The sensor is used to 

monitor landfill gas properties in real-time at a landfill site. The sensor measurements are 

concurrently compared with a gas chromatograph traditionally used at the site. 

Chapter 6 explains selection and testing of auxiliary sensors for measuring hydrogen and 

carbon monoxide. Modifications done to integrate the auxiliary sensors with the existing 

experimental setup are described. The selected sensors are tested for response time and 

selectivity. Mechanical and electrical connections for their integration with a commercial 

prototype of the fuel quality sensor are described. 
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Applicability of the sensor to producer gas analysis is studied. The calibration and validation 

mixture compositions are approximately similar to producer gas. Also, applicability to 

natural gas – opportunity fuel blends is studied experimentally. The results are discussed in 

Chapter 7. The technical challenge in using auxiliary sensors for measuring IR inactive 

components such as hydrogen is identified and addressed. 

Chapter 8 discusses modifications done to the experimental setup to include a humidity 

sensor. The feasibility of using the sensor for future measurements is determined based on its 

accuracy. Also, a numerical analysis is performed to determine the possibility of measuring 

water vapor in fuel mixtures using NIR spectroscopy. 
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2 Experimental approach 

2.1 Spectroscopic hardware 

Fig.  4 shows the experimental setup consisting of spectroscopic hardware, mass flow control 

system and data acquisition system. The spectroscopic hardware includes a NIR light source, 

a flow-through sample cell, optical fibers, collimating/focusing lenses and a NIR 

spectrometer. The light source (Ocean Optics LS-1-LL) is a 6.5 W tungsten halogen lamp 

having spectral output in the range 360 to 2500 nm. The flow-through sample cell is 50 cm 

long. It has quartz windows fitted on both ends. The spectrometer (CDI, NIR128L-1.7TS) is 

a grating spectrometer having InGaAs diode array detector having response in the 

wavelength range 900 to 1700 nm. NIR light from the lamp is guided through a multimode 

optical fiber (Thorlabs, FT600EMT) to a collimating lens held in a lens holder mounted on 

one end of the sample cell. Similarly, on the other end of the cell, a focusing lens is mounted 

and connected to the spectrometer by another optical fiber. 

2.2 Mixture preparation 

The calibration and validation mixtures of pre-determined compositions are prepared using 

mass flow controllers (MFC). One MFC (MKS Instruments, 1179A) is used for each gas 

component. The MFCs used in this experiment have rated flow capacities of 5000, 1000 and 

500 standard cubic cm per minute (SCCM). In most of the experiments, the total mixture 

flow rate of 1000 SCCM is used. However, the flow rate of the mixture is not an important 

parameter in this experiment, as it does not affect absorption measurements. Having 

preselected the total mixture flow rate, the flow rates of pure gas components can be easily 

calculated for a desired mixture composition. The output gas streams from the mass flow 

controllers are mixed in a mixing chamber and a homogeneous gas mixture is then flown 

through the sample cell to the exhaust. 
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Fig.  4. Experimental setup comprising spectroscopic hardware, mass flow control 

system and data acquisition system. LS – light source, L1 and L2 – collimating and 

focusing lenses, QW – quartz window, LH – lens holder, OFC – optical fiber cable, M – 

mixing chamber, P – pressure transducer, TC – thermocouple, BPR – back pressure 

regulator. 

The MFCs are connected to a 4 channel digital readout (MKS Instruments, 247D). The 

readout can be used to manually set the individual flow rates. Alternatively, the readout is 

connected to a data acquisition system which can be controlled using a computer. The actual 

flow rates of gases are slightly different from the set flow rate depending on the MFC error 

and can be viewed on the readout. The MFCs are factory calibrated for a flow of pure 

nitrogen at 0 C. Thus, for other gases and temperatures, gas correction factors are used. The 

pressure transducer (Honeywell Sensotec TJE model) can read pressures up to 200 psia (~ 

13.8 bar). A back pressure regulator can be used to maintain a desired pressure in the sample 

cell. 
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2.3 Data acquisition 

The experiment involves high-speed data acquisition system consisting of several 

analog/digital input/output modules which communicate with a computer through a National 

Instruments data acquisition chassis (cDAQ9172). The pressure transducer, thermocouple 

and the mass flow controllers are connected to the analog/digital input/output modules. The 

electrical connections of the readout to the data acquisition system are shown in the pin 

diagram in Fig.  5. A MFC can be switched ON/OFF through a digital output module 

(NI9474). The flow rates can be set using 0 to 5 V signal sent from analog output module 

NI9263. Full flow corresponds to a 5 V signal. Depending on the actual flow rate, each MFC 

sends a proportionate 0 to 5 V signal to analog input module NI 9201. The spectrometer 

communicates directly with the computer through USB interface. The experimental 

measurements are collected in real-time and processed in a software program developed 

using LabVIEW. 
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Fig.  5. The pin diagram showing electrical connections of digital readout to the data 

acquisition system. The mass flow controllers are connected to the readout. 

2.4 Experimental procedure 

For calibration, the number of sample mixtures and the composition of each mixture are 

determined. The quality of the resulting calibration model depends upon the number of 

sample mixtures and how they are selected. The concentrations of components are selected to 

cover the natural range of compositional variability of the mixtures to be tested. Two 

important instrument settings for spectral measurements are integration time and sample 
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average. The integration time is the electronic exposure time of the detector array. The 

intensity level of the light signal is proportional to the integration time. Integration time can 

be automatically adjusted to maximize the signal level without saturating the detector. The 

longer the integration time, the longer will be the data acquisition time and the signal to noise 

ratio improves. The sample average determines the number of measured spectra that will be 

averaged. The signal to noise ratio increases as the square root of the number of spectra 

averaged. The detector array has a background signal, called dark current, even when no light 

is incident on it. The background consists of array’s thermal current and DC bias and is 

strongly dependent upon array’s temperature and integration time. The spectrometer software 

allows storing the background spectrum in memory, so that it can always be subtracted from 

the measured intensity. The reference intensity spectrum represents the wavelength 

dependent characteristics of the light source and needs to be measured to compute absorption 

spectrum. The calculated absorption spectra can also be viewed in the software and exported 

to other data processing software such as Excel spreadsheet. 

The light source, spectrometer, flow control system and data acquisition hardware are 

warmed up before making any measurements. With the light source off, background is 

measured. The sample cell is purged with nitrogen and the reference intensity is measured. 

The volumetric flow rates of each pure gas are specified in the mass flow controller software 

(written in LabVIEW) and the flows are switched on. The output gas streams flow through 

the mixing chamber to the sample cell. The pressure in the cell can be adjusted using a back 

pressure regulator connected after the gas outlet. The pressure and temperature of the sample 

are measured by the pressure transducer and thermocouple fixed near the gas inlet. Once the 

sample flow is established and the pressure in the cell gets stabilized, the transmitted 

intensity is measured. The intensity, set composition and energy content of the mixture are 

stored in a calibration file. The pressure in the cell should be the same for purging gas and 

sample to minimize errors in measurements due to static pressure effects in the sample cell 

and other effects like refraction or scattering which depend on sample pressure. The 

procedure is repeated and spectra are measured for all calibration and validation mixtures. 
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Once the data is collected, using the PCR and PLS calibration methods, regression 

coefficients for composition and heating value are computed and used in future for 

estimating those properties of unknown mixtures from their spectra. 

The validation procedure is essentially the same as calibration, except the fact that, in 

validation, the set and predicted properties are compared and a graph of prediction error 

versus the number of PCR/PLS components is plotted for each property and calibration 

method. The numbers of components corresponding to the minimum prediction error are 

selected and the same numbers of scores are used during field measurements. 

2.5 Potential advantages of the proposed system 

Some important potential advantages of the proposed spectroscopic sensor system are that it 

is a compact, rugged, cost efficient, non-invasive and rapid method as compared to 

traditional methods described in Chapter 1. The flow control system is required only for 

calibration and laboratory validation. In field measurements, only the spectroscopic hardware 

and the data acquisition system are required, which can be fitted into a compact design. The 

proposed system involves very few optical parts without requiring any high precision 

alignment. There are no moving parts involved. Therefore, it is less prone to errors due to 

vibration, motion or external disturbances. 

The only disadvantage of this sensor system is that centro-symmetric gas molecules such as 

hydrogen, nitrogen and oxygen are inactive in IR and hence cannot be detected. These gases 

are important constituents in some opportunity fuels. For example, syngas and refinery gas 

can contain as high as 30% and 50% hydrogen by volume. In this case, auxiliary sensors can 

be used to measure those gas components. The auxiliary sensors need to be selected carefully 

considering their response time. Such auxiliary sensors can be integrated with the proposed 

sensor system using generic data processing algorithms. This is discussed in detail in Chapter 

6. 
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A Raman sensor for natural gas composition measurement is developed by Kiefer et al [18]. 

The cost of this Raman sensor is compared with the proposed NIR sensor in Table 3. This 

comparison is intended only to get a rough estimate of the economic benefits of the proposed 

NIR based sensor. The costs are compared based on spectroscopic hardware costs. The 

mixture preparation and data acquisition are of less importance and can be assumed to have 

similar costs in both cases. 

Table 3. Comparison of instrumentation cost of Raman spectroscopy and NIR 

absorption spectroscopy based sensors for measuring the compositions and heating 

values of natural gas and opportunity fuels. Raman spectroscopy based sensor is 

described in [18]. 

 Raman spectroscopy NIR absorption spectroscopy 

Component Cost Component Cost 

Light 

source 

CW diode pumped 

Nd:YVO4 (5 W at 532 

nm) 

$8000 Tungsten-halogen 

lamp 

$635 

Lenses Two 50 mm diameter 

achromatic lenses 

$400 Two 5 mm 

diameter 

collimating lenses 

$368 

Detector CCD chip spectrometer $8000 Spectrometer 

having 128 element 

standard InGaAs 

diode array 

$6000 

Total 

cost 

 $16400  ~ $7000 

 

The two important optical parts are light source and detector. An NIR light source (~ $600) is 

very inexpensive compared to a laser (~ $8000). This is obviously a major cost advantage of 
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NIR based sensor. The cost difference (~ $2000) between detectors is also considerable. 

Thus, an NIR spectroscopy based fuel composition sensor may cost roughly $9000 less than 

a Raman spectroscopy based sensor. The temporal resolution of NIR sensor is also expected 

to be higher than Raman sensor, as Raman scattered light intensity signal is very weak. 

Kiefer et al have used an accumulation time of 30 seconds for CCD chip [18], whereas NIR 

spectrometer used in the proposed sensor can measure several spectra per second. Raman 

spectroscopic sensor has an advantage that it can measure inert gases like nitrogen and 

hydrogen. Thus, a Raman sensor may be a better choice when it is important to measure 

components like hydrogen, nitrogen etc., (for example, producer gas), however, for 

measuring hydrocarbons and carbon dioxide, the NIR sensor will be a cost-effective choice. 
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3 Instrument performance 

3.1 Signal to noise ratio 

The signal-to-noise ratio (SNR) is a widely used performance index in spectroscopic systems. 

It determines the quality of measurements performed using the system. The other figures of 

merit such as sensitivity, accuracy and repeatability depend on the signal-to-noise ratio. 

In this case, the SNR will be different at different wavelengths as the detector sensitivity 

varies with wavelength. The signal at a particular wavelength would be the reference 

intensity of the light source measured at that wavelength. The noise can be calculated as the 

difference between reference intensity spectra measured repeatedly. The background 

spectrum (due to dark current) should not be confused with noise and it should always be 

subtracted from the measured intensity. A typical reference intensity spectrum is shown in 

Fig.  6. The noise spectrum n(λ) is calculated as the root-mean-square of the difference 

between reference intensity spectra measured repeatedly N times as shown in Eq. (3.1). Such 

spectra will be hereafter mentioned as difference spectra. The SNR is then calculated by 

taking the ratio of the signal and noise spectra. Ideally, the noise should be a straight 

horizontal line close to zero across the wavelength range. With increasing SNR, the limit of 

detection, resolution, accuracy and repeatability of a measurement system also increase. 
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Fig.  6. Signal (or reference intensity spectrum) 

 

Fig.  7. Noise level computed as the difference between reference intensity spectra. 
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Fig.  8. Signal-to-noise ratio 

3.2 Spectral resolution 

The reference intensity I0(λ) is measured with the light source on and nitrogen flowing 

through the sample flow cell. The transmitted intensity I(λ) is measured with a fuel gas 

flowing through the cell. The background intensity is measured with the light source 

switched off. The absorption spectrum is then computed using 
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(3.3) 

Fig.  9 shows the absorption spectra of methane, ethane, propane, butane and carbon dioxide 

measured using this spectroscopic system at 1 bar and 288 K.  The spectra consists of the 

first overtone band (of the fundamental C–H stretching vibration) in 1600 nm to 1700 nm, 

second overtone in 1100 nm to 1200 nm region and overtone of the combination band (C–H 
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stretching + bending) in 1300 nm to 1500 nm, which lies between the two overtones. The 

spectra of C2 to C4 hydrocarbons are very similar as far as their shape, location in the spectra 

and magnitude of absorption are considered. The spectrum of methane has a slightly different 

shape/profile. Carbon dioxide has really weak absorption compared to hydrocarbons. Water 

vapor has a strong absorption band near 1400 nm. The spectrum of water vapor is measured 

with nitrogen as the background gas at 70% relative humidity and 20 C. It appears that the 

low resolution (full width at half maximum is 12.5 nm) of the spectrometer is satisfactory for 

obtaining an overview of the spectral shapes/profiles. The individual vibrational and 

rotational lines in the spectrum look clustered together in bands. As a trade-off to broad 

spectral coverage, absorption features are measured with low resolution. 

 

Fig.  9. Near infrared absorption spectra of C1 to C4 hydrocarbons, carbon dioxide and 

water vapor in 50 cm path length at 1 bar and 288 K. The spectrum of water vapor is at 

a partial pressure of 1.65 kPa. 
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3.3 Selectivity 

The principal components analysis is used to get an estimate of the selectivity of a particular 

component in the presence of a mixture of interfering components. For a detailed description 

on the principal components analysis, the reader is encouraged to refer to [23], [27]. The 

principal components obtained from the spectra of interfering components are projected on to 

the spectrum of the component to be quantified. The projected spectrum is then subtracted 

from the absorption spectrum of the target component. The remaining spectrum can be 

considered to be the ‘net analyte signal’ (NAS) specific only to the target component (or 

analyte) [45]. The NAS represents the part of the absorption spectrum orthogonal to the 

spectra of other components. Selectivity is defined by Lorber [46] as in Eq. (3.4). 
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*

Ta I VV a
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SEL
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(3.4) 

Here, I is an identity matrix, V is the matrix of eigenvectors, a is the absorption spectrum of 

the analyte, a* is its NAS in the presence of a mixture of interfering components, SEL is the 

selectivity and ||.|| denotes the Euclidean norm. Table 4 shows the SEL values calculated 

using Eq. (3.4). SEL has a bounded magnitude between 0 and 1. An SEL value of 0 indicates 

no selectivity, while 1 means fully selective signal. 

3.4 Sensitivity 

Sensitivity is usually expressed in terms of limit of detection. The limit of detection is 

defined as the minimum measurable concentration of a component in the fuel mixture. The 

detection limit of a particular component depends on its NAS and noise level of the 

spectroscopic system. The signal is considered as the peak absorbance per unit concentration 

in the net analyte spectrum. The noise nrms is computed as the root-mean-squared value of the 
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residuals of spectral variation not accounted for by the principal components of the matrix of 

pure spectra. Thus, the detection limit would be the smallest possible change in the gas 

concentration that will produce a measurable spectral change (means spectral change which 

is greater than the noise level). The mathematical definition of the limit of detection can be 

adopted from several references [51 – 54]. 
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(3.5) 

The above ratio is multiplied by a factor of three since the root-mean-squared value of noise 

is expected to be three times smaller than the peak noise level, if the noise is randomly 

distributed. Table 4 shows estimates of the limit of detection for C1 to C4 hydrocarbons, 

carbon dioxide and water vapor without any spectral preprocessing such as differentiation, 

normalization etc. Ethane and water vapor have higher values of NAS, thus higher sensitivity 

(or smaller LOD values). On the other hand, carbon dioxide, due to its weak absorption 

signal, has the least sensitivity. 

It is important to note that the limits of detection specified on Table 4 are calculated from the 

spectra measured at approximately 1 bar and 288 K. At higher densities, the limits of 

detection may increase as the absorbances will increase. However, with increasing 

absorbances, the error in absorbance measurement also increases and that should be taken 

into consideration. It should also be noted that the selectivity and sensitivity for a component 

will be better at smaller numbers of principal components. As the number of principal 

components is increased, they account for more spectral variation of background components 

creating more spectral interference for the target component. Also, these SEL and LOD 

values will change depending on the composition of background mixture. The values shown 

in Table 4 are calculated assuming any pure gas as the background and should be interpreted 

as rough estimates only. 
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Table 4. Selectivity and limits of detection using 4 principal components. 

  SEL NAS/unit conc., AU LOD, % 

CH4 0.54 0.0007 0.59 

C2H6 0.22 0.0013 0.34 

C3H8 0.07 0.0005 0.96 

C4H10 0.08 0.0005 0.95 

CO2 0.96 0.0002 1.83 

H2O 0.93 0.0132 0.03 

 

3.5 Uncertainty in absorbance measurement 

Due to the requirement of high accuracy in measuring the fuel composition and energy 

content, error propagation analysis becomes very important in this type of experiment. The 

three important sources of error are absorbance measurement, mixture composition error and 

calibration model error. The other factors making lesser contribution towards experimental 

error are pressure and temperature measurement. The errors in absorbance measurement are 

discussed in this section. The error in calibration model depends on statistical aspects of the 

data compression/analysis and will be explained in Chapter 5 and 7. The propagation of 

errors due to uncertainties in the measured mass flow rates are described in the next section. 

For detailed information on mathematical details of experimental error propagation, the 

reader is referred to [47]. 

In this type of system, the absolute error in absorbance measurement is not really important. 

It’s the repeatability which really matters. To get a rough estimate of the repeatability in 

absorbance measurement, the absorption spectra of hydrocarbons are measured repeatedly 

and the difference spectra are calculated. The root-mean-squared difference spectra are 

shown in Fig.  10. From Fig.  10, the uncertainty in absorbances is more in the wavelength 

regions where hydrocarbon absorption bands are located. At first, this may sound counter-

intuitive; however, this may become evident from the absorbance equation. 
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A plot of the relative uncertainty in measured absorbance σA/A as a function of absorbance A 

at different reference intensity levels and at a constant noise level of 20 counts is shown in 

Fig.  11. The reference intensity levels are selected as 20000, 35000 and 50000 counts. The 

relative uncertainty is high at low absorbances, then it decreases with increasing absorbances 

and reaches a minimum value near 0.5 absorbance units. The uncertainty again goes up at 

higher absorbances. Also, the uncertainty decreases with increasing reference intensity level 

for a given RMS noise level (assumed 20 counts here). The experimentally measured 

uncertainty in absorbances is close to those calculated using the error propagation equation. 

Fig.  12 shows the relative uncertainty in absorbances at different noise levels for a reference 

intensity of 20000 counts. The uncertainty increases with increasing noise level. The 

calculations are performed for three levels of RMS noise: 5, 20 and 50 intensity counts. It is 

important to consider the absorbance error, especially at wavelengths where the reference 

intensity level is low. Also, these errors become important at higher sample pressures, since 

the absorbances increase, transmitted intensity is low and hence the relative error in 

measured absorbance becomes large. 
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Fig.  10. Root-mean-squared difference absorption spectrum. The repeat absorption 

spectra of C1 to C4 hydrocarbons and CO2 are measured multiple times at 1 bar and 

288 K. 
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Fig.  11. The relative error in measured absorbance decreases with increasing reference 

intensity level. 

 

Fig.  12. The relative error in measured absorbance increases with noise level. These 

calculations are performed for a reference intensity of 20000 counts. 
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3.6 Uncertainty in mixture composition 

Uncertainty is component concentrations are a major source of error in this experiment. Each 

mass flow controller used in this experiment has an accuracy of ±1% of its full scale. 

Suppose that n mass flow controllers are used in the experiment (one for each pure gas) to 

prepare the mixtures of desired compositions. Suppose that mi is the set flow rate of ith MFC, 

where i = 1 to n and dmi is the absolute error (in SCCM) in the flow rate of ith MFC. The 

total flow rate of the mixture is m. Then, the error fi in the molar fraction of ith component in 

the mixture can be calculated as follows: 
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(3.9) 

For three mass flow controllers, from Eq. (3.8) and Eq. (3.9), 
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(3.10) 

In the error propagation Eq. (3.9), it is assumed that the fluctuations in all MFCs are 

statistically uncorrelated, so that the covariance term vanishes. 

As an example, consider that we want to prepare mixtures of methane and carbon dioxide. 

Two MFCs having flow capacities of 1000 SCCM and an absolute error of ±1% of full scale 

or dmi = ±10 SCCM are used in the experiment. The desired molar fraction of methane in the 

mixture is f1 = 0.5 or m1 = 500 SCCM. The error in methane concentration computed from 

Eq. (3.10) is df1 = ±0.007. In other words, actual methane concentration in the mixture will be 

50±0.7%. 

From Table 4, the uncertainty in methane concentration measured from its net signal peak is 

±0.59%. Thus, the composite uncertainty in methane concentration will be 

2 22 0.59 0.7 1.68%   at 95% confidence level (2σ), as long as experimental parameters 

(spectrometer and MFC errors) are statistically uncorrelated. Similarly, the errors in the 

concentrations of other gas components can be determined. The compositional errors specific 

to different types of fuels will be discussed in Chapters 5 and 7.   
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4 Spectral data processing 

4.1 Density correction 

4.1.1 Experimental 

The size and shape of NIR absorption spectra of a gas mixture depend on the number density 

of gas molecules and composition of the mixture, for a given path length. Therefore, it 

becomes necessary to study the spectral variation associated with these factors.  The 

experimental setup described in Chapter 2 is used to measure the absorption spectra of 

methane, propane and carbon dioxide at elevated pressures. The following pressure ranges 

are used: 1 to 13.7 bar (14.7 psi to 198 psi) of methane, 1 to 8.2 bar (14.5 psi to 119 psi) of 

propane and 1 bar to 3.5 bar (14.7 to 50 psi) of carbon dioxide.  High purity nitrogen 

(99.998%), CP grade methane, propane and carbon dioxide (99.0%) are used in the 

experiment. A stable pressure is maintained in the sample cell by a back pressure regulator 

connected after the sample outlet.  The background is measured at the beginning of the 

experiment. At each pressure, the reference intensity is re-measured to divide out scattering 

effects due to a change in the gas density. 

4.1.2 Algorithm for density correction 

Fig.  13 shows the NIR absorption spectra of methane, propane and carbon dioxide measured 

at elevated pressures. For each measurement, 100 spectra are averaged for better accuracy. 

For all the gases, we can see a very systematic variation in the spectral profile with 

increasing density. The observable effect is increase in the magnitude of absorption with 

increasing density. The spectral shape does not show any non-linear changes. Thus, the effect 

of pressure broadening of Lorentzian profile is not clearly pronounced. This is due to poor 

resolution (12.5 nm full width at half maximum) of the spectrometer. For pressure 

broadening to be seen in the measured spectra, the FWHM of the spectrometer should be 

smaller than the change in spectral linewidth due to increase in pressure. 
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For further analysis, a few representative wavelengths are selected from each absorption 

band. The absorbances at these selected wavelengths are plotted against density in Fig.  14. 

Fig.  14 shows that the absorbance increases linearly with density at each selected 

wavelength for each gas. All the data points lie on a straight line inclined at 45 degree to both 

the axes and passing through the origin. This linearity holds true even for average 

absorbances in each band. Similar linearity has been found to exist for methane and n-

heptane in a wider pressure and temperature range [48]. A similar experiment can be 

performed by varying the temperature of sample cell and measuring the spectra. It can be 

proved that a similar linearity exists between absorbance and temperature as well. 

For accurate spectral calibration and prediction, it is always desirable to account for the 

effects of pressure and temperature variation on the spectra. Therefore, a mathematical 

formulation based on Beer’s law and ideal gas law is suggested below to correlate the spectra 

measured at two different sets of pressure and temperature. Suppose I0 is the baseline 

intensity, I1 is the transmitted intensity, KF is the absorption coefficient, L is the optical path 

length and n1 is the number density of the gas molecules for a given composition, according 

to Beer’s law, 

 

 1 0 1exp FI I K Ln   

(4.1) 

However, the pressure P1 and number density n1 are related by ideal gas law as follows: 
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kT
   

(4.2) 

Here, T is the absolute temperature of the gas and k is the Boltzmann constant. Thus, Beer’s 

law in Eq. (4.1) becomes 
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Similarly, if I2 is the transmitted intensity at another pressure P2, 
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Rearranging Eq. (4.3) and Eq. (4.4), we get 
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(4.6) 

Here, A1 and A2 are the absorbances at pressures P1 and P2. This formulation can be extended 

to a case when there is a change in both the pressure and temperature. Suppose P0 and T0 are 

reference pressure and temperature; ρ0 is the gas density, Z0 is its compressibility factor at 

this reference condition and A0(λ) is the absorbance measured at a wavelength λ.  When the 

absorbance A(λ) is measured at another P, T and Z; the two absorbances can be 

mathematically correlated as: 
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(4.7) 

The compressibility factor of hydrocarbon mixtures is usually computed using AGA-8 

method [49]. Using the above Eq. (4.7), it is possible to correct the measured spectra to a 

reference condition at which calibration and prediction is performed. It is also possible to 

estimate the cumulative concentration of IR inactive gases, such as, nitrogen, hydrogen, 

oxygen, etc. by trial and error. This is discussed in the next section. 

  

 

Fig.  13. The near infrared absorption spectra of (a) methane at 3.4, 6.9, 10.4, 13.7 bars, 

(b) propane at 2.8, 4.1, 5.5 and 6.9 bars and (c) carbon dioxide at 1.4, 2.1, 2.8 and 3.5 

bars in a 50 cm pathlength. 
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Fig.  14. Linearity between absorbance and density for methane and carbon dioxide at a 

few wavelengths selected from each absorption band. 
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4.1.3 Compressibility factor consideration 

The NIR inactive gases present in the fuel mixture, such as, nitrogen, cannot be detected by 

this method. The density corrected spectra are used to estimate the fuel composition. Then 

the following iterative procedure is used to slightly modify the PCR/PLS estimated 

composition to predict the compressibility factor as well as cumulative concentration of 

inerts. The measured pressure and total mixture pressure calculated from the partial pressures 

are compared as a convergence criterion. A number of iterations are performed to achieve a 

desired accuracy level in the predicted concentrations. This step-by-step procedure is listed 

below and shown in a flowchart (Fig.  15). 

1. From the PCR/PLS estimated concentrations make an initial guess of the cumulative 

concentration of inerts. 

2. From the PCR/PLS estimated concentrations and the initially guessed concentration 

of inerts (in the step 1 above), calculate the compressibility factor Z of the mixture. 

3. Suppose, Zi is the compressibility factor of i
th

 component at a pressure Ni*P, then, the 

actual partial pressure of each component can be computed using the following 

equation, 

 

,i predicted i

i

N Z P
P

Z
  

(4.8) 

 

4. Calculate the percentage error ε in measured and calculated total pressure of the 

mixture, 

 

100
iP P

P



 


 

(4.9) 

 



 

53 

5. If the error      threshold value (say, 0.5%), we can conclude that the predicted 

concentrations are within acceptable accuracy. If      threshold value, the predicted 

concentrations are adjusted by a small step, let’s say 0.1% and the concentrations and 

the compressibility factor are re-computed. The above steps 2, 3 and 4 are repeated 

until the desired accuracy is achieved in predicted concentrations. 

 

Fig.  15. Algorithm for compressibility factor consideration. 

It is necessary to experimentally verify the accuracy of the above algorithm. To determine 

the compressibility factor accurately, the mixture must be prepared with high accuracy. The 

maximum pressure that can be used in the experiment is constrained by the specifications of 

the flow control system used in the experiment. MKS MFCs have an accuracy of 1% of full 

scale and the maximum pressure allowed at the MFC inlets is 11.36 bar (150 psig). The 

MFCs having full scale ratings of 1000, 2000 and 5000 SCCM are used for nitrogen, 
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methane and propane respectively. Each MFC is used at its maximum flow capacity to 

achieve the highest possible accuracy. The resulting mixture composition is 33.96% methane, 

42.45% propane and 23.58% nitrogen. Fig.  16 shows the absorption spectrum of the mixture 

measured at 8.8 bar (127.3 psi) and 300 K (27    C). The sensor is initially calibrated with 

pure methane and pure propane. Taking the weighted sum of pure spectra, the spectrum of a 

mixture of 50% methane and 50% nitrogen is calculated and added to the calibration set. All 

the spectra are density-corrected to a reference condition before fitting a multivariate 

regression model using the first two principal components. 

 

Fig.  16. NIR absorption spectrum of a mixture of 33.96% methane, 42.45% propane 

and 23.58% nitrogen at 8.8 bar and 300 K. 

Using AGA-8 method, the compressibility factor is calculated as 0.9551. By implementing 

the above algorithm, within a few iterations, the solution converges and the final estimated 

concentrations are 33.69% methane, 42.83% propane and 23.48% nitrogen. The percentage 

error in calculated total pressure of the mixture is    0.0393%. As      0.5%, it is 

concluded that the predicted concentrations are within acceptable accuracy. 
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4.2 Drift correction 

4.2.1 Experimental setup 

Due to the variation in sample, instrumental and environmental parameters, a drift is induced 

in the measured absorption spectra. The drift induced error can be minimized by purging the 

sample cell with an inert gas intermittently and re-measure the reference intensity. The 

purging frequency is on the order of a few minutes (5 to 10 minutes). This method requires 

the flow to be switched between inert gas and fuel intermittently, which also means an 

interruption in the composition and heating value measurement. Therefore, for continuous 

monitoring, it is desired to correct the drift induced errors in absorbance measurement. 

The experimental setup shown in Fig.  4 is used to study the nature of drift. Four independent 

experiments are performed – one on each day. Five spectra of carbon dioxide are measured in 

each experiment. The background and reference intensity are measured only at the beginning 

of the experiment. Consecutively measured 50 spectra are averaged to ensure better accuracy. 

Fig.  17 shows the upward shift in the spectra with time. Fig.  18 shows the drift in the 

measured absorbances at a few selected wavelengths. Wavelengths are selected from each 

absorption band. A continuous drift with time is seen at each wavelength. 



 

56 

 

Fig.  17. Drift in the measured absorption spectra of carbon dioxide. 

 

Fig.  18. Drift in the measured absorbances of carbon dioxide. 
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4.2.2 Drift correction by estimating absorbance drift 

The drift in the spectra is a combined effect of variation in sample, instrumental and 

environmental parameters such as light source temperature and hence reference intensity, 

background noise level and spectrometer drift. Consider the intensity measurements in a 

wavelength range λ1 to λ3 (Fig.  19). Suppose that absorption of light occurs only in the 

region λ1 to λ2 (λ1 < λ2 < λ3). The reference intensity is measured at time t1 and absorption 

spectrum is measured at time t2. 

The absorbance A
’
 at an absorbing wavelength λ1 is given by, 
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(4.10) 

Ideally, I0(t1) = I0(t2); however, due to the drift, the reference intensity can be assumed to be 

shifted to a different value. This change in the reference intensity results in non-zero 

absorbance A
*
 at a non-absorbing wavelength λ3 and is given by, 
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Fig.  19. Drift in light intensity with time. 

The true absorbance A at wavelength λ1 at time t2 can be calculated as, 
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(4.12) 

The error A
*
 for the entire spectrum can be computed by fitting a polynomial to the 

absorbances measured in non-absorbing wavelength ranges. For example, for carbon dioxide, 

A
*
(λ) can be computed by fitting a polynomial to the absorbances measured in the 

wavelength region 900 nm to 1150 nm, 1300 to 1350 nm and for methane, these wavelength 

ranges can be 1200 nm to 1300 nm and 1500 nm to 1600 nm. For mixtures, the non-

absorbing wavelengths should be selected such that none of the components has absorption 

features at those wavelengths. The polynomials are fitted by minimizing the residual error 

and the best fit coefficients are used to compute the error A
*
. Fig.  20 (a) shows an absorption 
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spectrum of carbon dioxide at ambient conditions. Fig.  20 (b) shows a polynomial fitted to 

A
*
(λ) measured at non-absorbing wavelengths. This polynomial represents the drift in the 

spectrum above/below the true value. From Fig.  20 (b), it can be easily seen that the drift-

corrected absorbances are close to zero in non-absorbing wavelength ranges. Fig.  21 (a) 

shows four drift corrected CO2 spectra measured during an experiment. The spectra overlap 

very well with each other. Also, Fig.  21 (b) shows that the corrected absorbances at selected 

wavelengths remain constant with time. Thus, it can be concluded that the algorithm 

produces reasonably precise measurements. 

 

Fig.  20. (a) Drifted absorption spectrum of CO2 (b) Estimated absorbance drift A*() 

and drift corrected spectrum A(λ). 
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Fig.  21. (a) Drift corrected absorption spectra of CO2 (b) Drift corrected methane 

absorbances at selected wavelengths. 
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4.2.3 Drift correction by controlled pressure variation 

Another mathematical algorithm is proposed for reducing the drift induced errors. The 

algorithm is based on Beer’s law and ideal gas law. The reference intensity I00(λ) is measured 

at the beginning of the experiment. In order to simulate a long-term drift, the intensity of 

light source is gradually reduced by reducing its power supply. Fig.  22 shows how the light 

intensity decreases with reduced power supply to the light source. At each reduced intensity 

level, the transmitted intensities I1(λ) and I2(λ) are measured at two different pressures P1 = 

15 psi and P2 = 20 psi. Using Eq. (4.5),  I1(λ) and I2(λ) are related as follows: 
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(4.13) 

 

Fig.  22. Light source spectral output at different levels of power supply. 
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The above equation can be rearranged to calculate I01(λ) from I1(λ) and I2(λ) as expressed in 

Eq. (4.14) [50]. 
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(4.14) 

Here, 2 1P P P   . The absorbances A1 (not corrected for drift) and A2 (corrected for drift) 

are computed as follows. The procedure is repeated a few times after every 15 minutes. 
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Fig.  23. Upward shift in the absorbance spectrum as the power supply to the light 

source is reduced. 

Fig.  23 shows the upward shift in the spectra with decreasing light intensity. The shift in the 

spectra is more at shorter wavelengths, due to lower reference intensity at those wavelengths. 

Fig.  24 shows the spectra corrected for drift using the proposed algorithm. The corrected 

spectra overlap well with each other. In Fig.  25, the absorbances A1 increase exponentially 

due to the decreasing intensity. However, the drift corrected absorbances A2 lie on a straight 

horizontal line. Thus, the proposed algorithm removes drift from the measured absorption 

spectra and produces repeatable spectra. 
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Fig.  24. Absorption spectra drift-corrected using the proposed algorithm. 

 

Fig.  25. Comparison of methane absorbances A1 and A2 at 1647 nm. Absorbances A1 

are not corrected for drift and absorbances A2 are drift-corrected using the proposed 

algorithm.  
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5 Application to landfill gas 

5.1 Laboratory validation 

5.1.1 Experimental 

Landfill gas is primarily a mixture of 30 to 70% methane and 30 to 60% carbon dioxide. Fig.  

4 shows the experimental setup used for validating the applicability of the sensor to landfill 

gas. Table 5 lists the concentrations of methane and carbon dioxide in calibration mixtures. 

The mixtures are prepared in laboratory using the mass flow control system described earlier 

in Section 2.2. The concentration of methane varies uniformly from 38 to 67% and the 

concentration of carbon dioxide varies between 33 and 57%. The mixtures are balanced by 

nitrogen. The corresponding heating values fall between 14 and 25 MJ/m
3
. 

Table 5. Compositions and heating values of synthetic landfill gas mixtures used for 

calibration. 

# Methane, % Carbon dioxide, % Heating value, MJ/m
3
 

1 38 57 14.35 

2 40 56 15.11 

3 41 54 15.48 

4 43 54 16.24 

5 45 50 16.99 

6 47 48 17.75 

7 49 46 18.5 

8 51 44 19.26 

9 53 42 20.01 

10 55 40 20.76 

11 57 39 21.52 

12 59 39 22.27 

13. 61 39 23.03 

14. 63 35 23.78 

15. 65 34 24.54 

16. 67 33 25.29 
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5.1.2 Results and discussion 

 The measured compositions, heating values and the NIR absorption spectra of these 

mixtures are arranged in matrices and PCR/PLS/PLS2 calibration models are developed to 

estimate the compositions and heating values of validation mixtures. Validation mixtures 

have compositions similar to calibration mixtures. Suppose, yact and yest are the actual and 

estimated properties (concentrations and heating values) of N validation mixtures, then the 

model accuracy is defined in terms of root-mean-squared-error (RMSEP) as given in (1.13): 

In Fig.  26, the compositions and heating values of validation mixtures measured by gas 

chromatography and NIR spectroscopy are compared.  Four to five PCR/PLS components 

are required to get the minimum RMSEP. The NIR estimated measurements are very close to 

the GC measurements. Using Eq. (1.13), RMSEP in the estimated methane, carbon dioxide 

and heating value are calculated as 0.1%, 0.3% and 0.05 MJ/m
3
 respectively.  The estimated 

concentrations of methane have higher accuracy compared to that of carbon dioxide, most 

likely due to relatively stronger absorption features of methane compared to carbon dioxide.  

The PLS and PLS2 estimates are very similar to PCR estimates, thus, they are not shown 

here. 
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Fig.  26. Comparison of the compositions and heating values measured by gas 

chromatography and the NIR method. 
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5.2 Field validation 

The Bath Landfill at Steuben County, New York has a Landfill-Gas-To-Energy (LFGTE) 

project.  The landfill accepts solid waste, construction and demolition debris, contaminated 

recyclables, household waste etc for burial. The facility includes landfill gas collection wells, 

collection system piping, blower and power generation unit. Vertical gas collection wells are 

drilled into the deepest parts of the landfill and are capped with well heads. The well heads 

allow measurement and control of the gas flow rate. As the landfill gas flows through the 

piping system, it gets condensed and is removed using condensate knockout structures. The 

gas composition has a wide variation due to varying subsurface conditions, such as type of 

waste, temperature and moisture level. After condensate removal, the gas consists of 40 to 

50% methane, 30 to 60% carbon dioxide, 10 to 20% nitrogen and balance oxygen. The gas is 

then drawn into the power generation unit using the blower and is combusted in two lean 

burn, low BTU, internal combustion reciprocating engines shown in Fig.  27. 

For continuous process control, the concentration of methane in the landfill gas is measured 

using the proposed fuel quality sensor in real-time. The estimated methane concentration is 

then converted into a proportionate analog signal on a scale of 4 to 20 mA. No methane in 

the gas corresponds to a current of 4 mA and 100% methane corresponds to 20 mA. The 

current is then fed to the engine control module (ECM), which has a calibration matrix 

correlating the current input to methane concentration. Depending on the current input, the 

ECM will control the amount of intake air and hence the fuel ratio going into the engine. By 

optimizing the air fuel ratio, higher combustion efficiency and reduced emissions can be 

obtained. When methane falls below 40%, the engine shuts down itself. 

Fig.  28 shows the sensor setup in a blower room. Fig.  29 shows a picture of commercial 

prototype of the sensor used for this field validation. All the hardware is fitted into a compact 

design. The landfill gas is allowed to flow through a dehumidifier connected before the 

sample cell to remove moisture from the landfill gas. The gas then flows through the sample 

cell and finally goes to the exhaust.  The flow rate is maintained at 4 SCFH (~ 2 standard 
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liters per minute) using a rotameter. The sensor working cycle consists of purging and 

measurement phases. Purging is necessary to minimize the drift in measured light intensity. 

The sensor software is updated to feed the last measured methane concentration to the ECM 

during purging phase for uninterrupted feed-forward to the engine. 

The existing calibration data set has 47.2 to 56.52 % methane and 35.1 to 37.77% carbon 

dioxide (Table 6). It is observed during the test that the GC measured compositions of 

landfill gas are close to the existing calibration limit of the sensor, thus, calibration mixture # 

13 listed in Table 6 is added to this data set. The calibration model is developed using two 

PCR/PLS components and is used for estimating the composition and heating value in real-

time. 

 

Fig.  27. A lean burn, low BTU, stationary internal combustion engine at Bath Landfill, 

Steuben County, New York. This is a V18, 91 L engine producing 2 MW power and can 

run safely on landfill gas containing as low as 40% methane (~ 400 BTU/SCF). 
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Fig.  28. The gas quality sensor setup at Bath landfill, Steuben County, New York. 

 

Fig.  29. Commercial prototype of the gas quality sensor used for field validation 

(courtesy: Gas Technology Institute, Des Plaines, IL). 
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Table 6. Compositions of CH4 – CO2 mixtures used for calibration. 

Sr. No. Methane Carbon dioxide Heating value, BTU/SCF 

1 52.84 36.89 534.46 

2 56.52 37.77 571.73 

3 55.2 37.36 558.36 

4 52.44 36.68 530.41 

5 51.88 36.47 524.74 

6 51.4 36.5 520 

7 51.2 36.5 518 

8 49 35.7 497 

9 47.9 35.4 486.6 

10 47.6 35.3 483.7 

11 47.2 35.1 478.8 

12 48.92 35.64 494.77 

13 49.83 35.6 508.88 

 

Fig.  30 and Fig.  31 show the composition and heating value of landfill gas monitored 

continuously at the site for approximately five hours, using a gas chromatograph and the gas 

quality sensor (GQS) concurrently. During the testing period, the GC measured 

concentrations of methane and carbon dioxide seem to uniformly rise up from 47% to 50% 

and 34% to 36% respectively. The heating value increased from 480 to 510 BTU/SCF. The 

GQS measurements match closely with the GC measurements. The sensor was purged after 

every ~ 30 minutes. During each measurement cycle, the sensor measurements seem to drift 

continuously to either higher or lower values. Overall, the sensor accuracy seems to be 

reasonable for engine process control and optimization. 
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Fig.  30. Concurrent monitoring of landfill gas composition by GQS and GC. 

 

Fig.  31. Concurrent monitoring of landfill gas energy content by GQS and GC. 
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6 Auxiliary sensors for H2 and CO measurement 

6.1 Hydrogen sensor selection 

Hydrogen is an important constituent in producer gas and being a centro-symmetric 

molecule, it does not possess permanent electric dipole moment to absorb light. Thus, it 

cannot be detected using the gas quality sensor. Commercially available hydrogen sensors 

are presented and a suitable sensor is selected, tested and integrated with the commercial 

prototype of the GQS. 

Most of the commercially available hydrogen sensors are based on adsorption of hydrogen 

by palladium, forming palladium hydride. As a result of this adsorption process, the 

characteristics of a transistor in a MOSFET sensor or a capacitor in a MOS capacitor sensor 

change and this change can be quantified as a measurement of the amount of hydrogen 

present. The disadvantages of these sensors include cross-sensitivity to other gases, limited 

detection range, high temperature operation, susceptibility to humidity variation etc. For 

example, a metal oxide semiconductor sensor requires the presence of oxygen to detect and 

measure hydrogen. These sensors are cross-sensitive to other reducing gases, as well. For 

selecting a suitable hydrogen sensing technology for use with the GQS, a comparison of 

commercially available hydrogen sensors is presented in Table 7. The criteria used for 

comparison of the sensors are cross-sensitivity, accuracy, response time, operation conditions 

and cost. Some of the sensors can tolerate very small amounts carbon monoxide and 

hydrogen sulfide. Most of the sensors can tolerate pressures up to 50 psi and temperatures up 

to 50 °C.  Our process streams fall well within this pressure and temperature range. 

The response times of these sensors vary between 30 to 60 seconds, except for a MOSFET 

sensor, which has the fastest response (less than 5 seconds as per the specifications). Also, 

depending on the sensing technology used, the costs of these sensors may vary between USD 

700 to 5000. For example, a palladium based MOS sensor (HY OPTIMA 730, H2Scan) costs 

approximately USD 5000; however, a MOSFET sensor (HPS100, Applied Sensor) costs 

approximately USD 700, without considerable loss of accuracy. Based on cost, working  
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Table 7. A comparison of commercially available hydrogen sensors. 

Working principle Product name Cross-sensitivity Accuracy Response time Operation 

conditions 

Price (USD) 

Pd based MOS sensor HY-OPTIMA™ 730 

In-Line Process 

Hydrogen Monitor 

(H2Scan) 

100 ppm of CO, 1000 

ppm H2S 

±0.3% absolute for 0.5 

to 10% H2 

±1% absolute for 10 to 

100% H2 

t90 < 30 sec pressure up to 100 

psig 

4981 

MOSFET and 

thermal conductivity 

HPS100 

 (Applied Sensor) 

No detection towards 

HCs, N2, NOx, CO2, CO 

and H2S 

Humidity influence < 

1% typical 

±2% typical t90 < 5 sec, 

speed of 

recovery < 5 

sec 

–40 to +90 °C, up to 

3 bar, 5 to 100% RH 

including 

condensation 

700 

Difference between 

high thermal 

conductivity of H2 

and reference gas 

Hycision 10 (C 

Squared) 

 ±2% t90 < 60 sec 0 to 50 °C, 0 to 95% 

RH, 100 cc/min to 

300 cc/min, 

temperature 

compensated 

 

Change in resistance 

of a thin Pd-Ni film 

Model 2230 In-line 

Hydrogen Analyzer 

(Teledyne Analytical 

Instruments) 

ppm level CO tolerance ±0.5% H2 at 10% H2 

or 3.2% H2 at 100% 

H2 

t90 = 30 sec 

max 

–20 to 40 °C, 14 bar 

gage, 0.1 to 50 SLM 

5000 

 Optical hydrogen 

sensor (Baltic Fuel 

Cells, Germany) 

None to CO2, N2, O2, 

saturated hydrocarbons, 

inert gases 

(0.1 * indication 

value) % by volume 

t90 < 60 sec – 15 to 50 °C, 750 to 

1750 kPa (10.88 psi 

to 25.38 psi), 0 to 

80% RH, non-

condensing, 0 to 

1000 sccm/min 
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range, response time and accuracy, a MOSFET sensor (HPS-100, Applied Sensor) seems to 

be the most suitable sensor for integration with the GQS. 

6.2 Hydrogen sensor testing 

The HPS–100C (Applied Sensor Inc.) is a process sensor for measuring the concentration of 

hydrogen in a gas mixture and is calibrated with carbon dioxide as the background gas.  

According to the specifications, the sensor should have a response time of less than 5 seconds 

and it should not be cross-sensitive to hydrocarbons.  The sensor is tested to determine its 

compatibility for integration with the gas quality sensor.  The most important characteristics 

of the sensor are the response time and cross-sensitivity to other gases, such as hydrocarbons.  

The sensor is an open flow unit (and not flow-through) and gives a PWM (pulse width 

modulation) signal output with a 255 μs period.  The pulse widths for different types of 

messages are shown in Table 8.  The signal can be measured by connecting the sensor output 

to a digital oscilloscope. The pulse width is expected to increase linearly with hydrogen 

concentration. 

Table 8. Hydrogen sensor PWM output 

Message type Pulse width 

Error 10 μs 

0% hydrogen 20 μs 

100% hydrogen 240 μs 

 

Fig.  32 (a) shows the fitting used for connecting the sensor to ¼ inch PTFE tubing (the 

sensor has a metric thread).  A ⅛ inch copper tube passes through multiple fittings having 

larger diameters, up to the surface of the MOSFET.  This helps in reducing the gas diffusion 

time, if the sensor were directly connected on-line.  The gas stream passes through this 

copper tube and then to the exhaust.  Fig. 47b shows the sensor connected to a digital storage 
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oscilloscope and a power supply. The gas is supplied at a desired flow rate using MKS mass 

flow controllers.  

From Table 8, the baseline (or reference) is a pulse width of 20 μs, when no hydrogen is 

present. However, due to some unknown reasons, the sensor shows approximately 36 μs 

pulse shown in Fig.  33 (a). One of the possible reasons is that the sensor surface might have 

been altered due to exposure to methane. 

In order to study the response time characteristics, the sensor is exposed to pure hydrogen 

flowing at 0.5 SLM through PTFE tubing.  As soon as, the sensor is exposed to pure 

hydrogen, the pulse width starts increasing and reaches a value of 219.2 μs in approximately 

40 seconds shown in Fig.  33 (b) and remains constant at this value.  However, the expected 

maximum pulse width corresponding to pure hydrogen is 240 μs, according to the 

specifications (Table 8). The long response may also be due to the presence of tubing and a 

mixing chamber. 

Similarly, in order to verify the selectivity to hydrogen, the sensor is exposed to a stream of 

pure methane at the same flow rate (0.5 SLM).  Unexpectedly, the pulse width started 

increasing and stabilized at 66.2 μs as shown in Fig.  33 (c).  This signal seems to be 

reproducible. As discussed in Section 1.6, we will later see that this cross-sensitivity can be 

accounted for in multivariate calibration techniques. 

The linearity in response and cross-sensitivity to methane are studied by measuring the 

sensor output for binary mixtures of hydrogen-nitrogen, hydrogen-methane and methane-

nitrogen. MKS mass flow controllers are used for preparing the mixtures. The total mixture 

flow rate is 1000 SCCM. It is observed that at high flow rates or sudden exposure to high 

flow rate, there is a possibility that MOSFET sensor surface might be damaged.  The flow 

controllers have maximum ratings of 5000, 5000 and 2000 SCCM and are used for hydrogen, 

methane and nitrogen respectively. 



 

77 

 

 

Fig.  32. (a) HPS-100C connected using multiple fittings. An arrangement of a smaller 

copper tube inside a larger tube facilitates direct exposure of MOSFET sensor to the 

gas stream and thus assists in reducing the gas diffusion time; (b) Experimental setup 

for studying the sensor characteristics. 
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Fig.  33. Hydrogen sensor PWM output for (a) pure nitrogen – indicates the baseline (b) 

pure hydrogen (c) pure methane – indicates cross-sensitivity to methane. 
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The abscissa in Fig.  34 is the net PWM signal output (background 36.2 μs subtracted from 

the measured pulse width).  At lower hydrogen concentrations (up to 15% by volume), the 

PWM signal output is almost constant and starts increasing thereafter.  There is a possibility 

that at lower hydrogen concentrations, a relatively large error in the mass flow controller and 

hence the associated error in measured pulse width.  From 15 to approximately 50%, there is 

a steep rise in the pulse width and then, at higher concentrations, it increases slowly. Fig.  34 

(b) shows the output for hydrogen-methane mixtures, the response is quite linear in the entire 

concentration range, except again at lower hydrogen concentrations. Fig.  34 (c) shows that 

the sensor is very sensitive to the presence of methane, as the pulse width increases rapidly 

even at small methane concentrations. At higher methane concentrations, it increases slowly. 

  

 

Fig.  34. Hydrogen sensor response (PWM, μs) to (a) hydrogen-nitrogen (b) hydrogen-

methane and (c) methane-nitrogen mixtures. 

 



 

80 

Fig.  36 show the sensor response in the units of volts. The PWM signal is converted into 

voltage by using a resistance – capacitance circuit explained later in Section 6.4.1.2. 

 

Fig.  35. Hydrogen sensor response (in 

volts) to hydrogen – nitrogen and 

hydrogen – methane binary mixtures. 

 

Fig.  36. Hydrogen sensor response (in 

volts) to binary mixtures of methane and 

nitrogen. 

6.3 Carbon monoxide sensor 

Carbon monoxide sensor (Madur, Inc.) is a non-dispersive infrared sensor. It measures the 

absorbance of carbon monoxide at a pre-determined wavelength and correlates it to the 

concentration. According to the specifications, the sensor requires less than 45 seconds for 

producing 90% of the output and is not supposed to be cross-sensitive to hydrocarbons. The 

sensor is tested to determine its feasibility of integration with the fuel quality sensor. The 

most important characteristics of the sensor are the response time and cross-sensitivity to 

other gases, such as hydrocarbons. The sensor gives an analog output (4 to 20 mA current or 

0 to 10 Volts).  The output is expected to have linear relationship with carbon monoxide 

concentration. 

Laboratory tests show that the sensor is not cross-sensitive to methane and propane. In order 

to test its long-term stability, carbon monoxide is allowed to flow through the sensor for 12 
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hours and the measured carbon monoxide concentration is monitored. The work cycle for the 

sensor is set at 120 minutes – 15 minutes for ventilation (equivalent to purging operation of 

the fuel quality sensor), and 105 minutes of measurements. These are the settings 

recommended by the manufacturer. Fig.  37 shows carbon monoxide measurements 

monitored over a period of 12 hours, completing 6 work cycles. It is observed that, the sensor 

takes less than 30 seconds to reach its peak concentration value (94 to 95%) from zero and 

the same duration to reach zero from peak concentration. The peak concentration, sometimes, 

shows a fluctuation of ±1%. The data can be logged once every 30 seconds either to a 

memory card or to a computer.  Fig.  37 shows the measured concentration as a function of 

time.  The graph is a straight line parallel to the time axis. The measured concentration is 

fairly constant during the entire period and no drift is observed.  This suggests that the sensor 

is suitable for integration with the gas quality sensor for measuring carbon monoxide. 

 

Fig.  37. Carbon monoxide sensor testing for drift in measurements. 
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6.4 Integration of hydrogen and carbon monoxide sensors with 

the GQS 

6.4.1 Hydrogen sensor 

6.4.1.1 Mechanical connections 

Fig.  38 shows the mechanical connections of hydrogen sensor for integration with the gas 

quality sensor.  A 1/8 inch tube passes through larger tubing up to a point, close to the 

sensing surface of hydrogen sensor.  This is necessary to reduce diffusion time and hence, 

decrease the response time of the sensor.  The flow rate can be between 1 to 2 liters per 

minute and the pressure should be between 0.3 to 3 bar (or 4.35 to 43.5 psi). 

 

Fig.  38. Mechanical connections of hydrogen sensor HPS-100C to GQS. 

6.4.1.2 Electrical connections 

Table 9 shows electrical connections for the hydrogen sensor. The three pins of the sensor are 

labeled as VCC, GND and V0. The sensor needs a voltage supply in the range 8.5 to 16 volts. 
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Table 9. Electrical connections of hydrogen sensor HPS-100C to GQS. 

Pin Function 

1 Vcc (8.5 to 16 Volts) 

2 GND 

3 Output signal (voltage) 

 

The sensor provides a PWM (pulse width modulation) output having a 255 μs period. The 

pulse width output should be converted to analog (current or voltage) signal, so that it can be 

read using the existing data acquisition system. A RC filter (resistance in series and a 

capacitance in parallel) is connected with the PWM output as shown in Fig.  39. 

 

Fig.  39. RC integration circuit to convert PWM output to voltage output. 

A resistance of 100 kΩ in series and a capacitance of 10 nF in parallel are connected with the 

PWM output.  With these resistance and capacitance, we will get a resolution, 

5 810 10 1t R C F ms     , which should be adequate for accurate measurement of 

output voltage, in this case (as the sensor response is not very fast) . When nitrogen is 

flowing, the output voltage (baseline or reference), is approximately 0.7 V and for pure 

hydrogen, it is approximately 1.7 V.  In addition to the mean output voltage, the rise time and 

fall time of the PWM signal are measured (Fig.  40) using an oscilloscope.  The rise time is 
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approximately 40 seconds.  This also includes the time taken by the gas to flow through the 

entire tubing and a mixing chamber (which has a volume of 1 standard liter). The actual 

response time is expected to be less than 40 seconds. The fall time or the time required for 

the sensor to go back to the baseline is approximately 60 seconds and is more than the rise 

time. 

 

Fig.  40. Analog output of hydrogen sensor on an oscilloscope. 

The analog output is concurrently measured using a NI9201 analog input module.  The 

measurements by oscilloscope and NI9201 are in agreement with each other.  The NI data 

acquisition system gives more precise measurements.  Also, by selecting suitable resistance 

and capacitance, desired resolution and hence, accuracy in the measurement of analog signal 

can be achieved. 

6.4.1.3 Data acquisition 

The sensor’s voltage output is connected to analog input module NI9201 in the existing data 

acquisition system. The pin 3 of the senor is connected to a channel on NI9201 or similar 

module and the pin 2 (GND) is connected to COM of NI9201. The sensor output can also be 
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read in the NI Measurement and Automation Explorer. LabVIEW program is updated to 

continuously read the sensor output. 

6.4.2 Carbon monoxide sensor 

6.4.2.1 Mechanical connections 

Carbon monoxide sensor is connected to the GQS using ¼ inch PTFE tubes as shown in Fig.  

41.  The sensor is connected in series with the GQS after the mixing chamber. The sensor’s 

outlet is connected to the GQS sample cell. 

 

Fig.  41. Mechanical connections for integration of CO sensor with GQS. 

6.4.2.2 Electrical connections 

Table 10 shows the electrical connections for the sensor. The five pins of the sensor are 

labeled as purge 1, purge 2, positive, GND (ground), current output and voltage output. The 

purge 1 and purge 2 are connected to the channel of a relay module (NI9481). The sensor 

needs a voltage supply in the range 13 to 30 VDC or 12 to 24 VAC. 
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6.4.2.3 Data acquisition 

Fig.  42 shows connections for integrating CO sensor with the data acquisition system of 

GQS. The pins labeled as current and voltage are connected to available channels on NI9203 

and NI9201 respectively.  The sensor output can also be read in the NI Measurement and 

Automation Explorer. The sensor provides an analog output (0 to 10 Volts or 4 to 20 mA 

current). 

Table 10. Electrical connections for integrating CO sensor with GQS. 

Pin Connection 

Purge 1 Relay module – pin 1 

Purge 2 Relay module – pin 2 

+ve Power supply 

(13 to 30 VDC or 12 to 24 VAC) 

GND Ground 

Current output NI9203 

Voltage output NI9201 
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Fig.  42. Integration of CO sensor with the GQS data acquisition system. 

Fig.  43 shows work cycle of the sensor with recommended settings.  The sensor requires 15 

minutes for warm up. Ventilation is allowed for 15 minutes after every 1 hour and 45 

minutes of measurements. Thus, the total work cycle comprises of 2 hours. To start zeroing 

procedure of CO sensor, the purge 1 and purge 2 are shorted by turning the channel of relay 

module ON/OFF. These settings can be modified using the software provided with the 

sensor. The sensor can be controlled and its output data can be acquired using this software.  

A flash memory card is provided with the sensor and it should be always plugged into the 

sensor for continuous storage of the results. The data in the memory card can be read in the 

software and can be exported to a spreadsheet file. 

 

 

Fig.  43. Work cycle of CO sensor. 
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6.4.2.4 Preliminary testing 

To test the sensor for cross-sensitivity to hydrocarbons and carbon dioxide, it is exposed to 

pure methane, ethane, propane, butane, other hydrocarbon gases available in the lab and 

carbon dioxide.  To test its linearity, carbon monoxide-nitrogen mixtures are prepared and 

the sensor is measured. The concentration of carbon monoxide in the mixtures ranges from 

5% to 100% in 5% steps, balanced by nitrogen. A plot of set and measured carbon monoxide 

concentration gives us an idea of linearity of the sensor output. The sensor is cross-sensitive 

to ethane and butane as shown in Fig.  44. Fig.  45 shows a layout of the auxiliary hydrogen 

and carbon monoxide sensors integrated with the gas quality sensor. 

 

Fig.  44. Cross-sensitivity of CO sensor to ethane and butane. 
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Fig.  45. Experimental layout showing auxiliary H2 and CO sensors integrated with the 

gas quality sensor. 
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Fig.  46. Laboratory setup of the gas quality sensor (courtesy: Gas Technology Institute, 

Des Plaines, IL). 
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7 Applications to opportunity fuels 

7.1 CH4 – CO2 – H2 mixtures 

This section describes the preliminary experiments performed on producer gas like mixtures 

to validate the GQS applicability. Table 11 shows the compositions and heating values of 

calibration and validation mixtures.  Ten mixtures are used for calibration and validation.  

The minimum concentrations are selected so that measurable signal is produced for each 

component. The heating values of methane and hydrogen are taken as 1010 BTU/SCF and 

325 BTU/SCF respectively. 

The experimental data is organized into a matrix X.  The first column of matrix X represents 

the analog output of hydrogen sensor for a given mixture.  This analog output is a measure of 

the concentration of hydrogen in that particular mixture.  Each subsequent column of X 

represents the absorbance of the mixture at a particular wavelength.  Thus, each row of 

matrix X represents the measurements for a mixture.  Similarly, the composition and heating 

value of each mixture are arranged in rows in another matrix Y.  The PCR and PLS methods 

are then used to fit a regression model to the data.  The fitted model correlates the 

experimental measurements or independent variables (absorbances and analog output of 

hydrogen sensor) to the fuel properties or dependent variables (concentration of each gas and 

total heating value).  The model is used to estimate the properties of unknown mixtures from 

their measured spectra.  For data processing R software is used.  There are a number of other 

commercial software, such as, SAS, Unscrambler, PLS Toolbox, which provide an 

environment for statistical computing. 

The results of the PCR and PLS are very similar for predicting the fuel properties.  Thus, 

only the PCR method is discussed here. Fig.  47 shows plot of proportion of the total 

variance explained by each principal component. The first principal component accounts for 

most of the variation in the data.  The subsequent components account for a very small 

portion of the remaining variability in the data. 
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Table 11. Compositions and heating values of calibration and validation mixtures. 

 

Mix # CH4, % CO2, % H2, % HV, BTU/SCF 

C
a
li

b
ra

ti
o
n

 
1 8.5 60 21 154.1 

2 9.5 58 23 170.7 

3 10.5 56 25 187.3 

4 11.5 54 27 203.9 

5 12.5 52 29 220.5 

6 13.5 50 31 237.1 

7 14.5 48 33 253.7 

8 15.5 46 35 270.3 

9 16.5 44 37 286.9 

10 17.5 42 39 303.5 

V
a
li

d
a
ti

o
n

 

1 9 59 22 162.4 

2 10 57 24 179 

3 11 55 26 195.6 

4 12 53 28 212.2 

5 13 51 30 228.8 

6 14 49 32 245.4 

7 15 47 34 262 

8 16 45 36 278.6 

9 17 43 38 295.2 

10 18 41 40 311.8 

 

Fig.  48 shows the plot of loadings corresponding to the first three principal components.  

The loading vector for the first component resembles methane absorption spectrum.  The 

loading value for the first variable (analog output of hydrogen sensor) is large compared to 

the loading values for the absorbances. This is because the magnitude of analog output (1.1 

to 1.34 V) of hydrogen sensor is large compared to the absorbances. The plot of regression 

coefficients has a very similar shape as the plot of loading values and is not shown here. 

Fig.  49 shows the set and predicted properties of validation mixtures using 4 principal 

components. All the points lie on a 45º line passing through the origin. This means the set 

and predicted properties are very close to each other. The root mean squared error of 
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prediction (RMSEP) is calculated as explained before. RMSEP provides a good quantitative 

measure of predictive power of the methods. It represents the absolute deviation of predicted 

value from true value.  The RMSEP for methane is 0.5% and that for hydrogen and carbon 

dioxide was 1% each, while for heating value, it is 8 BTU/SCF. A similar accuracy level is 

achieved with the PLS method. 

 

Fig.  47. Proportion of total variance explained against the number of principal 

components. 
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Fig.  48. Loading values for the first three principal components. 
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Fig.  49. Actual and estimated compositions and heating values of validation mixtures. 

7.2 Producer gas (CH4 – CO – CO2 – H2 mixtures) 

The composition of producer gas changes depending on biomass feedstocks. The calibration 

mixtures are selected considering the typical composition of producer gas obtained from a 

downdraft gasifier using wood as the baseline feedstock and 7%, 13%, 20% and 40% dried 
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distiller’s grains with soluble (DDGS) [51]. Validation mixtures have compositions similar to 

calibration mixtures. Table 12 and Table 13 show the compositions of calibration and 

validation mixtures respectively. Nitrogen is the major component of producer gas, with 

small amounts of carbon monoxide, carbon dioxide and methane. The heating values of 

methane, carbon monoxide and hydrogen are computed using the data available in CRC 

handbook of chemistry and physics as 39.81, 12.63 and 12.75 MJ/m
3
. Fig.  50 shows the near 

infrared absorption spectra of calibration and validation mixtures. All the spectra are very 

similar as methane and carbon dioxide concentrations do not vary significantly among the 

mixtures. The concentrations of hydrogen and carbon monoxide are measured using off-the-

shelf sensors. The voltage outputs of hydrogen and carbon monoxide sensors and the near 

infrared absorption spectra of mixtures are arranged in a matrix. The data is mean centered 

and a calibration model is developed using the principal components regression. The model 

is then utilized to estimate the compositions of validation mixtures. Fig.  51 shows the 

estimated concentrations of carbon monoxide, hydrogen, carbon dioxide and methane. Fig.  

52 shows the estimated and actual heating values. The compositions and heating values are 

estimated with a reasonable accuracy. 

Table 12. Compositions and heating values of CH4 – CO – CO2 – H2 calibration 

mixtures. 

Mixture # N2, % CO, % H2, % CO2, % CH4, % HV, MJ/m
3
 

1 52.9 16.9 11.3 13.6 5.3 5.68 

2 52 17.7 9.5 14.5 6.3 5.95 

3 52.5 16.3 10.4 14.9 5.9 5.73 

4 55.5 15.9 9 14 5.6 5.38 

5 62.6 12.5 7 12.8 5.1 4.50 
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Table 13. Compositions and heating values of CH4 – CO – CO2 – H2 validation 

mixtures. 

Mixture # N2, % CO, % H2, % CO2, % CH4, % HV, MJ/m
3
 

1 61.7 13 7.3 12.8 5.2 4.64 

2 57.5 14.6 8.9 13.3 5.7 5.25 

3 54.6 15.3 9.2 14.9 6 5.49 

4 53.5 16.1 10.5 13.7 6.2 5.84 

5 51.9 17.4 11 14.2 5.5 5.79 

 

 

Fig.  50. Near infrared absorption spectra of calibration mixtures shown in Table 12. 

Fig.  53 shows the RMSEP plotted against the number of components used for building 

calibration model. The RMSEP for carbon dioxide is the largest compared to other 

concentrations, most likely due to its weak absorption, whereas, heating value has the highest 

accuracy. 
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Fig.  51. Actual and estimated concentrations of CO, H2, CH4, CO2 in producer gas like 

mixtures. 
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Fig.  52. Actual and estimated heating values of producer gas like mixtures. 

  

Fig.  53. RMSEP in the estimated concentrations and heating values of producer gas. 
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7.3 Natural gas – opportunity fuel blends (C1 to C4 – H2 – CO – 

CO2 mixtures) 

Many times, it is advantageous to use natural gas blended with opportunity fuels to meet 

technical and environmental challenges. In this experiment, applicability of the gas quality 

sensor to natural gas – opportunity fuel blends is validated. The blend ratios are selected such 

that the resulting mixtures have minimum required energy content. 

Three opportunity fuels – landfill gas, producer gas and refinery gas – are considered in the 

experiment. Table 1 shows the natural range of variability in the compositions and heating 

values of natural gas and selected opportunity fuels. Methane can vary in a wide 

concentration range in natural gas, landfill gas and refinery gas. Higher hydrocarbons have 

relatively small variation. Carbon monoxide is present only in producer gas. Hydrogen is a 

major component in producer gas and refinery gas.  Considering this compositional variation 

and assuming that the blends can contain anywhere between 50% to 75% natural gas, the 

concentration ranges for various gas components are determined and listed in Table 14 for 

natural gas – producer gas/refinery gas blends and in Table 15 for natural gas – landfill gas 

blends. 

Eighty mixtures approximating the compositions of these blends are prepared using the mass 

flow control system. The concentrations of individual gas components are varied uniformly 

in the entire concentration ranges. The NIR absorption spectra and outputs of hydrogen and 

carbon monoxide sensors for these mixtures are measured. For each type of blend, the data is 

divided into two sets – one for calibration and the other for validation. The validation points 

lie within the span of calibration points. Moreover, the validation points lie in between 

calibration points in order to assess interpolating ability of the model. For natural gas – 

landfill gas blends, calibration data set has 30 mixtures and validation data set has 11 

mixtures. For natural gas – producer gas/refinery gas blends, calibration and validation data 

sets have 20 mixtures each. Methane has the widest possible variation from 41 to 90%. 

Ethane, carbon monoxide, carbon dioxide and hydrogen vary between 1 to 20%. Propane and 
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butane have lowest concentrations in these blends. The heating value also has a large range 

(18 to 35 MJ/m
3
). 

Table 14. Compositions and heating value ranges of natural gas – producer/refinery gas 

blends. 

 CH4, % C2H6, % H2, % CO, % CO2,% HV, MJ m
3
 

Min 41 1 1 1 1 18 

Max 60 20 20 20 20 32 

 

Table 15. Compositions and heating value ranges of natural gas – landfill gas blends. 

 CH4, % C2H6, % C3H8, % CO2,% C4H10, % HV, MJ/m
3
 

Min 71 1 0.08 7 0.01 25 

Max 90 4 1.13 15 0.6 35 

 

In order to assess the performance of the model, for each value of the number of PCR/PLS 

components A, the root mean squared error of cross validation (RMSECV) and root mean 

squared error of prediction (RMSEP) are computed. Leave one out cross validation method is 

used to compute RMSECV. In this method of cross-validation, one sample is deleted from 

calibration set at a time and a model is fitted to the rest of the samples. The first sample is 

then put back into calibration set and sample two is deleted. This procedure is repeated until 

all the samples have been deleted once. The RMSECV is then computed using Eq. (6.1).  In 

Eq. (6.1), ,cv iy is the predicted value of yi, when calibration model is developed by deleting 

sample i from the calibration set. The fitted model is then used to predict the compositions 

and heating values of validation samples. Finally RMSEP is computed as explained before. A 

graph of RMSECV against the number of components is plotted and the number of 

components corresponding to the minimum RMSECV is selected for field measurements. All 

computations are performed using R software. 
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Fig.  54 shows the plot of RMSECV of selected components in natural gas – producer 

gas/refinery gas blends against the number of components used for developing the calibration 

model. The RMSECV initially decreases with increasing number of components and then 

starts increasing. The reason is that the first few PCR/PLS components account for most of 

the variance in X or Y data and the subsequent components might account for some noise in 

the data. For CO2, the prediction error is minimum when a PLS calibration model is 

developed using 10 components. For hydrogen, the minimum prediction error occurs for 4 

PLS components and for CO, it occurs with only 2 PLS components. Thus, for each 

component, a regression method and the number of components can be selected using this 

type of plot. The same procedure is repeated for natural – landfill gas blends. 

Fig.  55 and Fig.  56 show the set (actual) and measured properties of validation mixtures. 

The measured properties of the blends are in close agreement with their actual properties. 

Components such as methane having a wide variation (40 to 90%) as well as components 

such as propane having a very small variation (0 to 1%) are predicted with a good accuracy. 

Table 16 shows the RMSEP in predicted concentrations and heating values of natural gas –

producer gas/refinery gas blends and Table 17 shows the RMSEP in natural gas – landfill gas 

blends. 
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Fig.  54. Variation of RMSECV with number of principal components for H2, CO and 

CO2 in natural gas – producer gas/refinery gas blends. 

Fig.  55 (a) and Fig.  56 (a) show the set and measured methane. The natural gas – producer 

gas and natural gas – refinery gas blends consists of 41 to 60% methane, while natural gas – 

landfill gas blends consists of 71 to 90% methane. The set and predicted methane 

concentrations are close to a straight line passing through the origin. The error in predicted 

methane is 0.36% for natural gas – producer gas/refinery gas blends and 0.42% for natural 

gas – landfill gas blends. This is a good accuracy over a wide concentration range. The 

prediction error in methane is larger for landfill gas blends due to strong spectral interference 

from higher hydrocarbons. 

Fig.  55 (b) shows the set and predicted ethane, hydrogen, carbon monoxide and carbon 

dioxide in natural gas – producer gas/refinery gas blends. These components may vary 

between 1 to 20% (Table 14). Ethane has the highest prediction accuracy (0.11%) due to its 

strong absorption properties compared to carbon dioxide. Carbon monoxide and hydrogen 

are also well predicted despite strong interference from hydrocarbons. When hydrogen and 

carbon monoxide concentrations are computed directly from the sensor outputs, the errors are 

 

0 5 10 15 20
0

2

4

6

R
M

S
E

C
V

, 
%

Number of components

 PCR, CO
2

 PLS, CO
2

 PLS, H
2

 PLS, CO



 

104 

37.5% and 1.7% respectively, which are far greater than errors in the PCR/PLS predicted 

hydrogen and carbon monoxide. The errors in directly computed H2 and CO concentrations 

are large due to H2 and CO sensor cross-sensitivity to methane and butane. Thus, it can be 

concluded that cross-sensitivity issue is mitigated by the use of PCR/PLS methods. 

Fig.  56 (b) shows predicted ethane, propane and butane in natural gas – landfill gas blends. 

These components are predicted with a high accuracy despite their low concentrations in the 

mixtures. The prediction accuracy is uniform over the entire concentration ranges considered. 

Fig.  55 (c) and Fig.  56 (c) show that heating values of both blend types are also measured 

with a good accuracy (±0.1 and ±0.15 MJ/m
3
). 

7.4 Conclusions 

This study has shown that the measurements from several sources, all of which are cross-

sensitive to multiple gases, can be processed collectively using multivariate regression 

methods to accurately predict the compositions and heating values of complex mixtures 

formed by blending landfill gas, producer gas, and refinery gas with natural gas. Multivariate 

regression modeling along with IR spectroscopy and other gas measurement methods is a 

promising and cost-efficient alternative to gas chromatography and will be a useful tool for 

engine researchers and end users for improved process control and optimization. 

Table 16. RMSEP in estimated properties of natural gas – producer gas/refinery gas 

fuel blends. 

 CH4, % C2H6, % H2, % CO, % CO2, % HV, MJ/m
3
 

RMSEP 0.36 0.11 0.33 0.84 1.19 0.1 
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Table 17. RMSEP in estimated properties of natural gas – landfill gas blends. 

 CH4, % C2H6, % C3H8, % C4H10, % HV, MJ/m
3
 

RMSEP 0.42 0.04 0.05 0.007 0.15 

 

  

 

Fig.  55. Set and measured compositions and heating values of natural gas – producer 

gas/refinery gas blends. 
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Fig.  56. Set and measured compositions and heating values of natural gas – landfill gas 

blends. 
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8 Water vapor measurement 

8.1 Experimental setup 

Fig.  57 shows the experimental setup used to determine the feasibility of measuring water 

vapor in landfill gas. The setup is slightly different from the existing GQS setup with 

addition of a couple of new devices – a midget glass bubbler inserted in a temperature 

controlled water bath and a heating system for the sample cell. The fuel mixtures of 

predetermined compositions prepared using the mass flow control system and are allowed to 

flow through a glass bubbler (Ace Glass Inc., 7533–19) containing water. The bubbler has 

safe removable hose connections at its inlet and outlet. The impinger nozzle has sintered 

glass filter having 70 – 100 micron holes. The bubbler has encircling graduations from 0 to 

25 ml in 5 ml divisions. This helps in measuring the amount of water absorbed by the fuel 

over a period of time. The bubbler is kept in a temperature controlled water bath. Water in 

the bath is heated to a desired temperature. The gas tubing after the bubbler is heated using a 

heating rope so that water vapor does not get condensed. The sample cell is enclosed in a 

cylindrical aluminum enclosure. Three long screws inserted from outside the enclosure hold 

the cell on the central axis of the enclosure. The enclosure is heated to the desired 

temperature using three band heaters. An autotransformer (Variac™) is used for controlled 

heating of heating tape. The tape can be heated to desired temperature by adjusting the 

supply voltage. All parts of the sample cell get heated to a uniform temperature due to free 

convection heat transfer within the enclosure. Some insulating material is inserted 

surrounding the lens holders to avoid heating of the lenses. A three-way valve is used to 

switch the flow between fuel and inert gas. 

The temperature of water in water bath, aluminum enclosure and sample cell are measured 

using three thermocouples connected to NI9211. The goal is to heat the fuel gas uniformly to 

a pre-determined temperature. It may be required to maintain aluminum enclosure at a 

slightly higher temperature than the desired gas temperature considering the heat loss to the 

surroundings. The tubing connected after the sample cell is not heated; instead a small 
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container is connected after the exit from the sample cell, so that condensed water gets 

collected in that container. This container can be removed from the setup and drained 

whenever required. 

The temperature and relative humidity of the fuel sample are measured by the humidity meter 

(Omega, HX93AC). The humidity meter provides the measurements in the form of an analog 

current output (4 to 20 mA). These current outputs are measured using a National 

Instruments analog input module NI9203. Fig.  58 shows electrical connections of humidity 

meter to NI9203. Optical part of the set up remains the same. 

 

Fig.  57. Experimental setup for CH4 – CO2 – H2O mixtures. 

8.2 Preliminary testing 

The Omega humidity sensor has an error of ±2.5% at 22 ˚C (72 ˚F) from 20% to 80% relative 

humidity (RH), ±3.1% at 22 ˚C below 20% and above 80%. The error further increases with 

temperature at a rate of ±0.1% RH/˚F.  According to this, the sensor error at 20 ˚C (68 ˚F) 
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can be evaluated as 2.9% for relative humidity in the range 20 to 80%.  This is a large error 

compared to the errors in the GQS estimated concentrations of other components. In order to 

achieve reasonable prediction accuracy, it is important to accurately measure the amount of 

water vapor in the calibration mixtures. 

 

Fig.  58. Integration of the humidity sensor with the GQS data acquisition system. 

For a preliminary analysis, the partial pressure of water vapor is calculated using the relative 

humidity and temperature measured by the sensor.  Nitrogen is humidified by allowing it to 

flow through the bubbler. The flow rate of nitrogen is maintained constant at 1 SLM (liters 

per minute). The water bath and sample cell are at a constant temperature of 20 ˚C. The 

background and reference intensity are measured before the experiment. The sensor response 

time is slower than specifications. It takes approximately 15 minutes to reach its peak value. 
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The partial pressure of water vapor can then be calculated as 

 

2 , 20
0.7 2.34 1.64oH O sat C

P P kPa kPa      

(7.2) 

From the experimentally measured spectrum, the peak is 0.0197 AU at ~ 1360 nm and from 

the simulated absorption spectrum of water vapor, the peak absorbance 0.016 AU occurs at ~ 

1360 nm. Thus, the difference between the peaks is ~ 0.0037 AU which corresponds to ~ 

20% relative error in measured water vapor concentration. This accuracy is certainly not 

adequate for PCR/PLS calibration. 

A comparison of the experimentally measured and theoretically computed absorption spectra 

of water vapor also leads us to a conclusion (Fig.  59) that the humidity of the mixture may 

be underestimated by the humidity sensor.  The amount of water evaporated from the bubbler 

can be measured during a given time interval and this data can be used to re-calibrate the 

humidity sensor and reduce the error in RH measurement. An error in temperature 

measurement also affects the calculations, since the saturated water vapor pressure is a 

function of temperature. 
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Fig.  59. Experimental and simulated absorption spectra of water vapor at 70% RH at 

20 ˚C in a 50 cm pathlength. 

8.3 Feasibility of water vapor quantification through a numerical 

study 

As mentioned before, water is a challenging issue in the infrared spectroscopy. Water is 

known to have a strong absorption spectrum in this region. It is possible that water vapor 

may be present in small fractions in landfill gas or other opportunity fuels. Therefore, it 

becomes necessary to study the effect of the presence of water vapor on prediction accuracy 

of other components. To study the feasibility of quantitative measurement of water vapor 

fraction, a CLS model is developed using the absorption spectra of pure components. These 

pure spectra are shown in Fig.  9 in Chapter 2. No spectral data preprocessing such as mean 

centering or scaling is done. The compositions of validation mixtures are randomly selected 

spanning across a wide range of concentrations. The spectra of mixtures are computed as a 

weighted sum of pure spectra. Table 18 shows the compositions of mixtures used for 

validation of the CLS model. Fig.  61 shows the actual and CLS estimated compositions of 
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validation mixtures. The RMSEP in the estimated concentrations are shown in Table 18. 

Sufficiently high accuracy is achieved in predicting the compositions despite strong spectral 

interference of water absorption spectrum. Even carbon dioxide, despite its weak sensitivity, 

is measured with an acceptable accuracy. Also, at concentrations of water vapor as high as 

10%, the other components are estimated with a good accuracy. 

 

Fig.  60. Simulated absorption spectrum of water vapor in nitrogen at 1 bar and 100% 

RH at different temperatures. Water vapor partial pressures are 72.6 mbar, 23.7 mbar 

and 12.8 mbar at 40 ˚C, 20 ˚C and 10 ˚C respectively. 

8.4 Results and discussion 

A humidity sensor having adequate accuracy level is required in order to calibrate the gas 

quality sensor for measuring water vapor in hydrocarbon fuels. The Omega sensor selected 

and tested in this experimental study has approximately 20% relative error and thus is not 

adequate for use/integration with the gas quality sensor. The absorption band of water vapor 

at ~ 24 mbar (20 ˚C and 100% RH) in 1300 to 1500 nm has magnitude comparable to 
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methane absorption band in the same range. Higher hydrocarbons have relatively stronger 

absorption in that range. A CLS model, developed using the spectra of pure components for 

calibration, is implemented to accurately estimate the compositions of hydrocarbons – carbon 

dioxide – water vapor mixtures. Thus, it can be concluded that given an accurate humidity 

sensor for calibration, the fuel quality sensor can accurately measure the water vapor fraction 

in natural gas and opportunity fuels. 

Table 18. Actual (estimated) compositions of validation mixtures and RMSEP in 

estimated concentrations. 

 

Conc., % by volume 

 

CH4 C2H6 C3H8 C4H10 CO2 H2O 

Mix1 88 (88.09) 5 (5.01) 3 (3.1) 2 (1.83) 1 (2.68) 1 (0.98) 

Mix2 70 (70.07) 4 (4.01) 2 (2.06) 5 (4.89) 4 (5.36) 3 (2.98) 

Mix3 60 (60.08) 0 (-0.02) 0 (0.03) 0 (-0.02) 30 (31.35) 5 (4.99) 

Mix4 0 (0.13) 100 (100.75) 0 (-1.01) 0 (0.31) 0 (0.03) 0 (-0.01) 

Mix5 50 (50.11) 50 (50.36) 0 (-0.43) 0 (0.06) 0 (0.98) 0 (-0.02) 

Mix6 75 (75.08) 7 (7.03) 5 (5.06) 3 (2.85) 3 (4.43) 7 (6.98) 

Mix7 5 (5.01) 5 (5.04) 5 (4.97) 5 (4.99) 5 (5.09) 5 (5.00) 

Mix8 85 (85.08) 5 (5.01) 3 (3.09) 2 (1.84) 2 (3.63) 1.73 (1.71) 

Mix9 95 (95.09) 1 (0.98) 1 (1.14) 1 (0.82) 1 (2.83) 1 (0.98) 

Mix10 1 (1.00) 1 (1.01) 1 (0.99) 1 (1.00) 1 (1.02) 10 (10.00) 

RMSEP 0.08 0.26 0.35 0.15 1.25 0.01 
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Fig.  61. Actual and CLS estimated compositions of validation mixtures. 

Conclusions 

A method comprising of optical and non-optical sensors is proposed and investigated for 

measuring the compositions and heating values of gaseous fuels in real-time. The primary 

technical challenge in measuring the composition of multi-component fuels is identified as 

non-selectivity of any single gas measurement technique to only one gas or, in other words, 

cross-sensitivity to multiple gases. In the proposed method, optical and non-optical 

measurements performed on fuel mixtures are simultaneously processed using multivariate 

calibration methods to estimate the fuel composition and heating value accurately. It is 

proved that multivariate regression methods such as the principal components regression and 

the partial least squares can effectively remove non-selective part from the measurements and 

produce sufficiently accurate prediction models. 

An experimental setup comprising of spectroscopic hardware, mass flow control system and 

data acquisition system has been developed. This spectroscopic sensor is used for measuring 

the compositions and heating values of natural gas, landfill gas and their blends. The highly 
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overlapping near infrared absorption spectra of the mixtures of C1 to C4 alkanes and carbon 

dioxide are processed using PCR and PLS methods to estimate the component 

concentrations. The potential advantages of the proposed spectroscopic sensor are its 

response time and accuracy. 

The sensor performance is evaluated using analytical figures of merit such as signal-to-noise 

ratio, selectivity, limit of detection and errors in absorbance measurement and mixture 

composition. The peak signal-to-noise ratio of the system is around 5000 and occurs near the 

higher end of the wavelength range considered. 

Among hydrocarbons, methane has the highest selectivity as its spectral shape/profile is 

different from higher hydrocarbons. Ethane, propane and butane have very similar spectra, 

resulting in lower selectivity. Carbon dioxide and water vapor have good selectivity due to 

their different spectral profile compared to hydrocarbons. The challenge of lower selectivity 

is addressed by the use of multivariate regression methods. 

At low spectral resolutions (12.5 nm FWHM), the NIR spectra are insensitive to pressure and 

temperature broadening and shift in the line centers. Rather, the absorbances have a linear 

dependence on density. This effect allows extending the current method to variable pressure 

systems. The absorption spectra measured at different pressures and temperatures are 

mathematically correlated using ideal gas law. The spectra are corrected to a reference 

pressure and temperature condition for calibration and prediction purpose. This eliminates 

the necessity of calibrating the sensor at different sets of pressures/temperatures. 

An algorithm is proposed to account for baseline drift. The drift in measured absorbances can 

be roughly estimated as the average absorbance measured at wavelengths where the fuel 

mixture is expected to have no absorption features. Alternatively, by simultaneously applying 

ideal gas law and Beer’s law to the transmitted sample intensity spectra measured at two 

different pressures, the baseline can be re-computed. The re-computed baseline is free from 

drift. 
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Commercially available hydrogen and carbon monoxide sensors are integrated with the 

spectroscopic sensor to extend its application to producer gas and refinery gas. These 

sensors, similar to many other sensors are not selective to the target components. For 

example, hydrogen sensor is cross-sensitive to methane, whereas carbon monoxide sensor is 

cross-sensitive to ethane and butane. The non-selective measurements (NIR spectra and the 

responses of hydrogen and carbon monoxide sensors) are collectively processed using the 

PCR and PLS methods to accurately estimate the fuel composition and heating value. 

An off-the-shelf humidity sensor is used to measure the relative humidity and temperature of 

fuel mixtures containing water vapor. Using these measurements, the concentration of water 

vapor in the mixture is calculated. An absorption spectrum of water vapor is numerically 

calculated for this concentration and path length (50 cm). The experimentally measured 

water vapor spectrum is compared with numerically calculated spectrum. The difference 

between the absorbance peaks of the two spectra gives an estimate of humidity sensor error 

(~20% in this case). This accuracy is most likely not adequate for our purpose. Thus, a 

humidity sensor with higher accuracy is required for integration with the gas quality sensor. 

A numerical analysis is performed to determine the feasibility of measuring water vapor in 

natural gas. The analysis showed that water vapor can be accurately measured by the NIR 

method. Also, the presence of water vapor does not impose any technical difficulty to 

accurate quantification of other components. 

The different sources of experimental errors are identified as absorbance measurement (due 

to spectrometer error), error in calibration mixture compositions (due to mass flow 

controllers) and statistical errors in PCR/PLS calibration model. The contributions from 

errors in pressure and temperature measurement are expected to be relatively less significant. 

Considering error propagation from these sources, the composite errors in estimated 

concentrations and heating values are approximately estimated as 2 to 3%. The errors depend 

on a number of experimental and statistical parameters such as the calibration range, number 

of calibration mixtures, distribution of calibration mixture compositions, calibration method 
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used and number of PCR/PLS components. Among all the components, carbon dioxide has 

the largest error, most likely due to its weaker spectral signature. 

The accuracy of the method is adequately high for intended practical applications including 

engine/ turbine air-fuel ratio control, industrial process control and optimization and custody 

transfer. The method is non-invasive and is best suited for on-line and unattended monitoring 

of fuel quality. The methods is applicable in wide ranges of pressure, temperature and 

compositions. Other physical/chemical fuel properties, which are of interest to engine/turbine 

designers/manufacturers and combustion researchers, can be directly computed using the 

compositions and heating values measured by the current method. This will further promote 

the development of fuel-flexible combustion technologies and increase utilization of 

opportunity fuels. In short, NIR spectroscopy combined with other auxiliary gas 

measurement methods is a promising, cost-effective alternative to gas chromatography. 

 

Future work 

The calibration models can be configured to include many other important physical or 

chemical properties of fuels, such as, laminar flame speed, Wobbe Index, methane number 

etc. which are of more interest to combustion researchers. The sensor needs to be integrated 

with an engine/turbine control module for real-time feed-forward process control. The impact 

of using the sensor on engine efficiency and emissions can be investigated. The wavelength 

range can be extended to mid infrared region for measuring gases such as carbon monoxide. 
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Appendix A 

# R code for calculating the selectivity (SEL) and limits of 

detection (LOD) described in sections 3.3 and 3.4. 

 

rm(list=ls()) 

setwd("C:/Users/Documents/Sensor") 

nrms<-0.000146 

npc<-4 

SEL<-matrix(data=NA, nrow=npc, ncol=6) 

LOD<-matrix(data=NA, nrow=npc, ncol=6) 

tX<-data.frame(read.table(file="Pure spectra.dat", 

header=TRUE, quote="")) 

allspectra<-t(tX) 

 

for(npc in 1:4) { 

for(i in 1:6) { 

component<-allspectra[i, ] 

X<-allspectra[-i, ] 

X<-scale(X, center=TRUE, scale=FALSE) 

S<-cov(allspectra) 

e<-eigen(S)$vectors 

lambda<-eigen(S)$values 

componentstar<-(diag(790)-

e[,1:npc]%*%t(e[,1:npc]))%*%component 

plot(componentstar) 

SEL[npc, i]<-sqrt(sum(componentstar^2))/sqrt(sum(component^2)) 

 

if (i==6) 

{componentstar_unitpk<-max(componentstar)/1.73} 

else {componentstar_unitpk<-max(componentstar)/100} 

 

LOD[npc, i]<-3*nrms/componentstar_unitpk 

} 

} 
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Appendix B 

# R code for the principal components regression (PCR) 

 

tX<-as.matrix(read.table(file="Training spectra.dat", 

header=TRUE, quote="")) 

X<-t(tX) 

Y<-as.matrix(read.table(file="Training compositions.dat", 

header=TRUE, quote="")) 

n<-nrow(X) 

 

#Mean centering 

for (i in 1:n) { 

X.bar[i, ]<-X[i, ]-apply(X, 2, mean) 

Y.bar[i, ]<-Y[i, ]-apply(Y, 2, mean) 

} 

 

#Eigenvalue decomposition of the covariance/correlation matrix 

R<-cor(X.bar) 

S<-cov(X.bar) 

e<-eigen(S)$vectors 

lambda<-eigen(S, symmetric=FALSE)$values 

 

y.bar<-apply(Y, 2, mean) 

 

#Scores and regression coefficients 

P<-cbind(e[,1:npc]) 

T<-X.bar%*%P 

q<-solve(t(T)%*%T)%*%t(T)%*%Y.bar 

 

#Test data 

tX1<-as.matrix(read.table(file="Testing spectra.dat", 

header=TRUE, quote="")) 

X1<-t(tX1) 

n1<-nrow(X1) 

 

for (i in 1:n1) { 

X1.bar[i, ]<-X1[i, ]-apply(X1, 2, mean) 

} 

 

T1<-X1.bar%*%P 

 

#Prediction of the properties of validation samples 

for (i in 1:n1) { 



 

129 

Y1[i, ]<-y.bar+T1[i, ]%*%q 

} 

Y1 

 

write.table(Y1, file = "PCR predicted properties.txt", 

append=TRUE, quote = TRUE, sep = " ", eol = "\n", na = "NA", 

dec = ".", row.names = TRUE, col.names = TRUE, qmethod = 

c("escape", "double"), fileEncoding = "") 

 

 


