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Abstract: Most commercial gaseous and liquid fuels are mixtures of multiple chemical 

compounds. In recent years, these mixtures became even more complicated when the 

suppliers started to admix biofuels into the petrochemical basic fuels. As the properties of 

such mixtures can vary with composition, there is a need for reliable analytical technologies 

in order to ensure stable operation of devices such as internal combustion engines and gas 

turbines. Vibrational spectroscopic methods have proved their suitability for fuel 

characterization. Moreover, they have the potential to overcome existing limitations of 

established technologies, because they are fast and accurate, and they do not require 

sampling; hence they can be deployed as inline sensors. This article reviews the recent 

advances of vibrational spectroscopy in terms of infrared absorption (IR) and Raman 

spectroscopy in the context of fuel characterization. The focus of the paper lies on gaseous 

and liquid fuels, which are dominant in the transportation sector and in the distributed 

generation of power. On top of an introduction to the physical principles and review of the 

literature, the techniques are critically discussed and compared with each other. 

Keywords: natural gas; biofuel; gasoline; diesel; blend; Raman; Fourier-transform infrared 

spectroscopy (FTIR); composition 
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1. Introduction 

Modern energy conversion technology relies on primary sources based on fossil as well as renewable 

fuels. The major part of these fuels is converted by combustion in power plants, engines, and boilers to 

produce electricity, mechanical power and heat. An overview of the production and consumption of 

different fuels as well as predictions of future behavior can be found in a number of sources, such as the 

World Energy Outlook of the International Energy Agency [1], the EU Energy in Figures Pocketbook [2], 

or the Transportation Energy Data Book [3] with a special focus on the US transport sector. 

All fuels from fossil and renewable resources are natural products and thus represent complex 

mixtures of a multitude of chemical compounds. Moreover, the composition and properties of these 

mixtures can vary significantly depending on the region where and the time when they are produced. 

This poses a challenge to developers and operators of combustion-based energy conversion facilities as 

the performance of a given device will change with changing fuel properties. Hence, suitable control 

strategies are required. This, in turn, establishes a need for analytical technologies capable of 

characterizing these fuels. 

Gaseous and liquid fuels represent the major part of the energy mix. This is illustrated in Figure 1 

based on data from the recent EU Energy in Figures Pocketbook 2014 [2]. These latest figures from 

2011 suggest that ~53% of the overall global fuel consumption is related to fossil oil and gas resources. 

The third large slice with ~29% represents solid fuels like coal. Coal and other solid fuels are commonly 

used in large scale power plants for base load coverage. On the other hand, mobile and flexible energy 

conversion technology, including automotive propulsion and gas turbines for balancing peak electricity 

demands, are predominantly based on gaseous and liquid fuels. In the following, the term fuel refers to 

gases and liquids, and solids will not be covered. 

 

Figure 1. World gross inland consumption by fuel. The “renewable (other)” slice comprises 

hydro, geothermal, solar, and wind power. The data are taken from the EU Energy in Figures 

Pocketbook 2014 [2]. 

Many commercial fuels are nowadays blends of a fraction from the petrochemical industry  

(like natural gas, gasoline, and diesel) and a biofuel (like biogas, bioethanol or biodiesel). When fuels 

are blended, the physicochemical properties and hence the performance in an engine may vary substantially. 



Energies 2015, 8 3167 

 

 

As an example, Table 1 compares selected properties of iso-octane, which is often used as a simple  

one-component surrogate of gasoline, and ethanol, which is a typical biofuel admixed into gasoline  

in most commercial fuels for spark-ignition engines. Obviously, the spray formation [4] and  

combustion [5–7] in a given engine will be different for both fuels as the relevant properties change. 

These effects have been a subject of research for a long time and are still not fully understood. In a blend 

of both fluids the properties will most likely lie somewhere in between the values of the pure substances. 

This assumption of a thermodynamically ideal mixture allows one to predict the behavior. However, 

should the mixture be non-ideal, the mixture properties may be totally unpredictable from the knowledge 

of the pure substance properties. A prominent example of such non-ideal mixing behavior is the solution 

of one part dimethyl sulfoxide (DMSO) and two parts of water. While the pure substance melting points 

are +18 °C and 0 °C, respectively, the mixture melts at −70 °C [8,9]. Therefore, it is important to 

characterize a mixture, in particular when it is a multi-component system like most commercial  

fuels are. 

Table 1. Selected properties of iso-octane and ethanol. 

Property Iso-octane, C8H18 Ethanol, C2H5OH 

Density (@ 25 °C) in kg/m3 688 785 
Viscosity (@ 25 °C) in mPa s 0.473 1.040 

Surface tension (@ 25 °C) in dyn/cm 18.3 22.4 
Latent heat of vaporization in kJ/mol 35.1 42.3 

Boiling temperature in °C 99.3 78.5 
Energy content in MJ/kg 44.3 26.8 

Research Octane Number RON 100 108.6 

There is a large variety of experimental methods that can be used to characterize a fuel representing 

a mixture of multiple chemical compounds. In some situations, the measurement of a single characteristic 

value may be sufficient, for example the calorific value determined with a calorimeter [10]. Other 

applications may require a detailed compositional analysis. For this purpose, chromatographic methods 

such as gas chromatography (GC) [11,12] and high-performance liquid chromatography (HPLC) are the 

state-of-the-art [13]. However, chromatography normally requires sampling, and it is time-consuming and 

relatively expensive (investment plus operational costs). To overcome these limitations, spectroscopic 

methods have found more and more applications for the analysis and characterization of fuels in recent 

years. In particular, vibrational spectroscopic techniques appear attractive in this context as they are 

species-specific and fast, and they can be applied in situ and online. This article reviews the recent 

advances of vibrational spectroscopy in terms of infrared absorption (IR) and Raman spectroscopy in 

the area of fuel characterization. Section 2 introduces the principles of the techniques and describes 

suitable approaches for data evaluation. Section 3 gives an overview of the literature dealing with the 

characterization of gaseous fuels, while Section 4 focuses on liquid fuels. Section 5 concludes and gives 

an outlook briefly introducing selected special applications such as the use of new light sources and 

advanced nonlinear optical techniques. 
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2. Vibrational Spectroscopy 

The basis of any vibrational spectroscopy is the existence of discrete, species-specific vibrations in a 

molecule due to the non-static nature of covalent bonds between atoms. As an approximation for a simple 

two-body system, the normal frequency v of the harmonic vibration between two bodies of masses m1 

and m2, and the bond strength k (equivalent to the force constant of a spring connecting the bodies) is 

given by: 

 2 1

2 1

1

2π

k m m

m m


 



 (1) 

In a more complicated molecule with multiple atoms and a complex electron distribution, such normal 

stretching modes are supplemented by a multitude of bending, scissoring, rocking, wagging and twisting 

vibrations yielding a unique molecular fingerprint. For spectroscopy, these modes are normally 

expressed as values of the corresponding energy states given in Joule or in the more common unit of 

reciprocal centimeters, cm−1 (wavenumber). The wavenumber is the energy normalized by the product 

of the Planck constant and the speed of light in vacuum. At the same time, it represents the reciprocal 

value of the wavelength of photons with the same energy, and hence it is a very useful and sensible unit 

in all fields of optical spectroscopy. 

A detailed description of vibrational states and their coupling with molecular rotation can be found 

in the common physics and spectroscopy texts, see for example Haken and Wolf [14] and Banwell and 

McCash [15]. In the following sub-sections, brief introductions to IR and Raman spectroscopy will be 

given, their experimental implementation will be addressed, and their advantages and disadvantages will 

be discussed. 

2.1. Infrared Spectroscopy 

Only a brief account of the basics of IR spectroscopy and its implementation is given here. For a 

detailed description, the reader is referred to the literature, see for example the texts of Schrader [16], 

Griffiths [17], and Haken and Wolf [14]. 

2.1.1. Fundamentals 

Infrared (IR) spectroscopy is based on the direct absorption of electromagnetic radiation by a 

molecule, when the energy of the photon to be absorbed matches the energy difference between two 

molecular ro-vibrational energy levels. In other words, the frequency of the electromagnetic wave must 

be equal to the oscillating frequency of a molecular vibrational mode. For completeness, we note that 

near-infrared (NIR) spectroscopy, in which vibrational overtone and combination bands are probed, is 

very similar. In this article, however, the focus is on the mid-infrared spectral range, where the 

fundamental vibrational modes can be found. A few selected NIR applications will be mentioned in  

the review section though. The mid-infrared spectral range is normally specified as 2.5–50 µm  

(200–4000 cm−1) and the near-infrared covers the range 0.75–2.5 µm (4000 to 13,333 cm−1). 

A requirement for IR absorption is that an oscillating dipole moment be produced during the 

vibrational motion of the molecule. This pre-requisite can be expressed mathematically by: 



Energies 2015, 8 3169 

 

 

μ
0

q

 
  

, (2) 

where μ is the dipole moment and q is the normal coordinate. When Equation (2) is fulfilled, the molecule 

or a specific vibrational mode is called IR-active. As an absorption-based technique, in IR spectroscopy 

the intensity I of the light transmitted by a sample of thickness d can in principle be described by the 

Beer–Lambert relation: 

 
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A c d
I
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 
, (3) 

with the incident light intensity I0, the extinction coefficient ε as a function of wavelength λ, and the 

concentration c of absorbing molecules. The parameter A represents the absorbance (note that this is not 

equal to the absorption, which is defined as 1 ‒ transmission). An IR spectrum eventually comprises all 

individual contributions, i.e., all the different vibrations from all the molecules in the system under 

investigation. Hence, Equation (3) can only be used to extract quantitative information from a spectrum 

whenever the target species exhibits an isolated peak that is not sensitive to molecular interactions.  

In most cases, however, more sophisticated approaches are required for analyzing spectra recorded in 

complex mixtures. This will be discussed in Section 2.3. 

2.1.2. Experimental Realization 

Typical sources of infrared radiation are glowing black-body radiators and spectral dispersion of the 

signal is normally achieved by an interferometric analysis (Michelson interferometer). The interferogram 

is then Fourier transformed to obtain the spectrum in the frequency domain. Most commercial 

instruments are such Fourier-transform IR (FTIR) spectrometers.  

There is a variety of different approaches to realize an interaction of the radiation with the sample, 

two of which are commonly used in fuel applications: transmission and attenuated total reflection.  

In transmission measurements, the sample is placed in-between two transmissive plates/windows, and 

the transmitted light intensity in the infrared region is recorded as a function of wavelength, yielding the 

characteristic IR spectrum. The appropriate sample thickness depends on the absorption coefficient and 

the molecular density of the target species. A sufficient amount of photons needs to be transmitted even 

at the wavelengths, where the molecules absorb, in order to ensure the measurement is sensitive to 

concentration changes. For liquids, typical sample thicknesses lie in the range 25–500 µm. For gases, 

the required optical path length can be in the order of meters or even kilometers, when small quantities 

of a compound need to be detected. Note that there are methods to realize an optical path length of 

several kilometers in a small cell, e.g., using cavity enhanced techniques [18,19]. As the material of the 

plates must be transmissive for the IR radiation, conventional borosilicate or fused silica quartz glasses 

cannot be employed. Crystalline materials, such as KBr, CaF2 and NaCl, are better suited. However,  

one serious problem arises, as these salt materials may be affected and be irreversibly damaged by water 

in the samples. Consequently, many applications of IR spectroscopy of liquids employ an alternative 

approach termed attenuated total reflection (ATR) spectroscopy. In such an experiment, the IR radiation 

is propagating in a transmissive high-refractive-index material (often ZnSe or a diamond crystal),  

the internal reflection element (IRE, with refractive index nIRE). The sample, which has a lower refractive 
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index, nsample, is in contact with the surface of the crystal. The radiation is reflected at an angle α at this 

surface (total internal reflection), so that the evanescent field can interact with the sample under 

investigation and is partly absorbed. As a consequence, the reflected beam is attenuated and carries the 

spectroscopic information. 

An advantage of the transmission arrangement is its well-defined sample thickness, which is given 

by the geometry of the measurement cell. To analyze transmission spectra, the Beer-Lambert relation 

can often be applied in a straightforward manner. In contrast, in ATR experiments, the penetration depth, 

dp, of the evanescent wave is a complicated function of the wavelength (recall that the refractive index 

is a function of wavelength) and must be taken into account when ATR IR spectra are interpreted 

quantitatively [20]. It is commonly given as: 
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(4)

However, the effective path length, deff, is usually the actual parameter of interest. It represents the 

corresponding sample thickness that would lead to the same absorption in a transmission experiment [21]. 

Note that the effective path length is a kind of auxiliary parameter, which cannot be determined in a 

straightforward manner [20–22]. 

2.1.3. Advantages and Disadvantages 

Infrared absorption spectroscopy has a number of advantages, but also some disadvantages compared to 

other methods. Advantages include the following: 

 High sensitivity can be achieved. With conventional IR spectroscopy a limit of detection (LOD) 

in the order of 0.1% (depending on the species, it can be even better) can be obtained. Special 

arrangements, e.g., cavity enhancement, can improve the sensitivity further and an LOD at  

ppm-level is possible. 

 When only one or a few species need to be detected (in other words, when the absorption 

measurement of one or a few selected wavelengths is sufficient), the experiment can be 

miniaturized and in principle be implemented as a kind of lab-on-chip technology. The absorption 

measurement at only a few selected wavelengths allows using simpler and cheaper light sources 

and detectors. 

 Fiber-coupled ATR probes facilitate in situ measurements in liquid systems. Such probes can be 

installed in the same way as thermocouples or pressure transducers. Hence, there is no need for 

optical access to the sample. 

 The technique allows fast measurements at high repetition rate. The measurement time can be as 

short as a few milliseconds. However, it must be kept in mind that the shorter the 

measurement/acquisition time, the lower the sensitivity and accuracy as the noise level increases. 

On the other hand, disadvantages include: 

 Homonuclear diatomic molecules (such as hydrogen, oxygen, and nitrogen) are not IR-active 

and hence cannot be detected. This may be a problem when gaseous fuels are analyzed. 



Energies 2015, 8 3171 

 

 

 Background black-body radiation may be detected as an interference signal when the fluid or 

parts of the analytical device exhibit elevated temperature.  

 Saturation of the absorbing transition and overlapping peaks may lead to nonlinearities and 

deviations from the Beer-Lambert law and hence represent a potential problem when the signal 

needs to be quantified. 

 Strongly absorbing species may virtually completely absorb the wavelength of interest and hence 

the measurement is not sensitive to changes in concentration any longer. 

 Fiber-coupled ATR probes are not suitable for gases due to the small penetration depth and with 

it a short absorption path length. To avoid confusion in this context, it should be mentioned that 

occasionally vapor peaks, for example from water, can be observed in ATR IR spectra. These 

peaks are not a result of absorption in the evanescent field at the IRE, but from vapor in the path 

of the radiation inside the instrument. Such interfering signals can be avoided using appropriate 

background correction and/or purging the instrument with nitrogen or using a vacuum model of 

the instrument. 

 Water is a strong absorber in the infrared spectral range and may represent an interference making 

the evaluation of the signal difficult. 

2.2. Raman Spectroscopy 

Like for IR spectroscopy, only a brief account of the basics of Raman spectroscopy and its 

implementation is given here. For a detailed description, the reader is referred to the literature, see for 

example Schrader [16], Haken and Wolf [14], and Banwell and McCash [15]. 

2.2.1. Fundamentals 

Raman spectroscopy is based on the inelastic scattering of light. This means that the scattered 

radiation is frequency shifted with respect to the incident light. In other words, an energy exchange takes 

place during the light-matter interaction. In the case of Stokes Raman scattering, which is the physical 

process relevant for characterizing fuels, the scattered light is shifted towards lower frequency (called a 

red-shift). This means that energy is transferred from the incident light to the molecule and it reaches an 

excited state via this indirect two-photon process (in IR spectroscopy the same state is reached directly 

by absorption). The frequency difference between the incident and scattered light is molecule specific. 

The final energy state is reached via an intermediate, so-called virtual level, which is not allowed from 

the quantum mechanical point of view. Therefore, physically speaking, the entire process is not an 

absorption and can be considered instantaneous. 

A requirement for Raman scattering is a change in the polarizability α of the molecule during the 

vibrational motion. This pre-requisite can be expressed mathematically by: 

α
0

q

 
  

, (5) 

where q is the normal coordinate again. When Equation (5) is fulfilled, the molecule or a specific 

vibrational mode is called Raman-active. 
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In general, the integrated signal intensity IRS for a Stokes Raman line is often simplified and 

considered to be linearly dependent on the species number density c, the intensity of the incident light I0, 
the solid angle of the signal collection optics Ω and the Raman scattering cross-section, σ  .  

The commonly used relation is given by: 

RS exp 0

σ
I k c l I


    


 (6) 

where kexp is a constant of the experiment and l is the length of the collection volume. Like IR, a Raman 

spectrum comprises the contributions from all the different vibrations from all the molecules in the 

system under investigation. Hence, Equation (6) can only be used to extract quantitative information 

from a spectrum, if the target species exhibits an isolated peak that is not sensitive to molecular 

interactions. Sophisticated approaches for data analysis are introduced later. 

It should be emphasized that Raman scattering is a non-resonant process. This means that the 

wavelength of the light source can in principle be chosen arbitrarily. There are a few effects, however, 

to be taken into account. First, the Raman scattering cross-section is a strong function of wavelength 

(proportional to λ−4). This means that a short wavelength laser (visible or ultraviolet) will give a stronger 

signal than a near-infrared one with the same power. Second, some species in the measurement volume 

may fluoresce upon laser excitation, which can represent a severe interference. In the context of fuel 

characterization, aromatic compounds are likely to emit fluorescence, when they are excited in the 

ultraviolet or visible spectral range. An overview of techniques to suppress fluorescence interference in 

Raman spectra can be found in reference [23]. 

2.2.2. Experimental Realization 

The main components for a Raman spectroscopy experiment are a light source and a spectrograph or 

monochromator equipped with a sensitive detector in order to record the weak signals as a function of 

wavelength. The specification of the light source (normally a laser, but recent developments have made 

light-emitting diodes suitable alternatives as well [24,25]) depends on the measurement task.  

For example, for gas-phase analysis, high optical power (in the order of W) is required as the molecule 

density is low, whereas for liquids a commercial laser pointer (mW) may be sufficient. Suitable detectors 

are, e.g., intensified CCD cameras, back-illuminated CCD cameras, and photo-multiplier tubes (PMTs). 

There are two common experimental arrangements for Raman spectroscopy. They are illustrated in 

Figure 2. In the 90°-setup, the scattering signal generated in the measurement volume is collected by a 

lens and delivered to a spectrometer. The signal collection is arranged in direction perpendicular to the 

laser propagation. In the spectrometer, the signal is spectrally dispersed and detected as a function of 

wavelength. This setup can easily be arranged with only a small number of optical components. Another 

advantage is that the signal can be enhanced with a multi-pass setup, in which the laser crosses the 

measurement volume several times in order to increase the local laser intensity. A disadvantage, 

however, is the sensitivity against small misalignments of the optics. This can lead to a reduced 

robustness of the setup.  

The other common arrangement is the backscattering geometry, in which the signal scattered against 

the laser propagation direction is collected and analyzed. An advantage of this setup is its robustness as 

the laser beam and signal are partly guided by the same optical components. Disadvantages are potential 
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interferences from scattering and fluorescence signals generated in the optical components and 

windows/cell materials confining the sample. Moreover, there are fewer simple possibilities for 

enhancing the signal intensity. The backscattering principle is also used in Raman microscopy and  

fiber-coupled Raman probes for process monitoring. 

 

Figure 2. Typical experimental arrangements for Raman spectroscopy. (a) Signal collection 

in direction perpendicular to the laser beam propagation (90°-setup); (b) Signal collection 

under 180° with respect to laser beam propagation (backscattering setup). 

2.2.3. Advantages and Disadvantages 

Raman spectroscopy has a number of advantages, but also some disadvantages compared to other 

methods. Advantages include the following: 

 The wavelength of the light source can, in principle, be chosen arbitrarily. Due to the  

non-resonant nature of the Raman scattering process, the incident light does not have to match a 

molecular transition in the species of interest. Consequently, all Raman-active species can be 

detected with a single laser source at the same time. 

 Most molecules, in particular those in typical fuels, are Raman-active and hence can be detected 

simultaneously. This includes the homo-nuclear diatomics, which cannot be measured using  

IR spectroscopy. 

 Good sensitivity can be obtained. Depending on the scattering cross-section it can be in the order 

of ~0.1%. Multi-pass arrangements, the use of cavities, resonant or near-resonant excitation,  

and the utilization of plasmonic enhancement (surface enhanced Raman scattering, SERS) allow 

a further significant improvement of the sensitivity for selected species. An LOD in the order of 

ppm and sub-ppm can be achieved. 

 Fiber-coupled probes allow in situ measurements without the requirement of large optical 

accesses to the sample. 

 The technique allows fast measurements at high repetition rate. The measurement time can be 

sub-second. However, it must be kept in mind that the shorter the measurement/acquisition time 

the lower the sensitivity and accuracy as the noise level increases. Pulsed laser sources are 

suitable to bring acquisition times down to nanoseconds should extremely high temporal 

resolution be required. 

 Water has a weak Raman scattering cross section. Therefore, even in aqueous systems, Raman 

scattering does not suffer from water interference like in IR. 
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On the other hand, disadvantages include: 

 Accurate gas-phase measurements often require high power laser sources in order to generate 

sufficient signal photons. 

 Interference from laser-induced fluorescence may be a problem in some applications. In order to 

avoid such effects a number of approaches have been developed including near-infrared  

Raman [26], deep-UV Raman [27], polarization-resolved detection Raman [28], and  

shifted-excitation Raman difference spectroscopy (SERDS) [29–32]. An overview can be found 

in reference [23]. 

 The 90°-setup normally requires three optical accesses, which cannot always be arranged in a 

technical object. 

 The presence of phase boundaries, e.g., when the sample contains small particles or droplets, can 

result in interference from elastically scattered light (Rayleigh scattering and Mie-Lorentz 

scattering). This scattering can be orders of magnitude stronger than the Raman signal. Therefore, 

suitable spectral filters may be required, for example holographic notch filters or long-pass filters, 

or a combination of the two. 

2.3. Signal Evaluation 

This section will introduce methods for evaluating spectroscopic data. In order to get an idea of how 

a vibrational spectrum looks like, the Raman and IR spectra of liquid ethanol are displayed in Figure 3. 

Some peaks are weak in one spectrum, while they are very strong in the other, and some features  

appear in only one of the two. Hence, the best suited method for a given application needs to be  

selected carefully. 

 

Figure 3. Experimental vibrational spectra (Raman and IR) of liquid ethanol and assignment 

of the main peaks. 

In the following, we discuss simulated spectra of three different fictive species and their mixtures in 

order to demonstrate the methods in a clear way. The three pure species spectra are plotted in Figure 4 

together with their ternary mixture (20% species 1, 50% species 2 and 30% species 3). The peak positions 

were chosen so that some peaks of different species are overlapping with each other and some peaks  

are isolated. 
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Figure 4. Fictive spectra of three notional species (spc1–3) and their ternary mixture (mix). 

2.3.1. Intensity and Intensity Ratio Calibration 

The most straightforward method to extract quantitative information from a vibrational spectrum is 

to calibrate the intensity of a single peak against the concentration of the corresponding species according 

to Equations (3) and (6) for IR and Raman spectra, respectively. This approach can be used, if the peaks 

are isolated and if they are not significantly altered by molecular interactions (note that strong molecular 

interactions such as hydrogen bonding and polar interactions can lead to frequency shifts [33] and 

changes in the peak intensity [34]). In order to make the method more robust against statistical 

fluctuations due to noise in the spectra, a commonly used technique is to not only consider a single peak, 

but to take the ratio of two peaks from different species into account. This intensity ratio can be calibrated 

for the concentration ratio of the two species, hence a relative concentration is determined initially.  

If this is done for all species with respect to the same reference species, all the relative concentrations 

add up to 1. Hence, absolute concentration values can be derived [35]. The ratio method can even be 

used when there are overlapping peaks. But it should be noted that the resulting calibration curve will 

become non-linear. 

For the given example, the intensity ratio of the two isolated peaks as indicated in Figure 5a can be 

calibrated against their concentration ratio. The resulting calibration curve is plotted in Figure 5b. As both 

peaks are not overlapping with contributions from other species, the calibration curve is a linear function. 

 

Figure 5. Peak intensity ratio calibration. Panel (a) shows the mixture spectrum with two 

selected peaks marked; and panel (b) shows the resulting calibration plot. 
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2.3.2. Spectral Soft Modeling 

Another straightforward method to obtain compositional analysis of a mixture spectrum is spectral 

soft modeling (note that the term soft modeling is sometimes used in the literature for other approaches 

as well, but it is used within this article in a consistent manner). In spectral soft modeling the spectrum 

of a mixture is considered as a linear combination of the weighted spectra of the pure components in the 

mixture [36]. The weighting factors of the individual species are determined in a simple fitting, e.g., 

minimizing the residual between the experimental spectrum and a synthetic spectrum calculated from 

the weighted pure species spectra. After calibration, the weighting factors of the individual species can 

be converted to concentration values. In order to avoid that the results are affected by changes in the 

overall intensity, for example due to intensity fluctuations of the light source, it is useful to normalize 

all spectra before feeding them into the calibration or evaluation routine. Normalization means dividing 

all intensity values of the spectrum by the maximum intensity so that the resulting spectrum ranges from 

0 to 1 across the spectral range. 

This approach only works as long as there are no spectral line shifts or changes in the signal intensity 

owing to non-ideal mixture behavior. Therefore, the method is mainly used in gases [37] and simple 

liquid mixtures [38]. For our example, the mixture spectrum and the weighted pure components spectra 

are illustrated in Figure 6. 

Should only individual peaks in the spectrum exhibit non-ideal behavior in terms of line shifts and 

intensity changes, the spectral range used for evaluation can be restricted to those parts which are not 

affected. Thus, the soft modeling approach may be applicable in spite of an actually complicated  

mixture behavior. 

 

Figure 6. Spectral analysis by soft modeling. The dashed lines represent the weighted pure 

component spectra. 

2.3.3. Deconvolution, Peak Fitting and Indirect Spectral Hard Modeling 

More versatile approaches to spectral analysis are deconvolution, peak fitting and indirect spectral 

hard modeling. In all three, the spectrum is considered as a sum of individual peaks typically represented 

by Gaussian, Lorentzian or Voigt profiles. Deconvolution and peak fitting are basically the methods for 

identifying peaks and their spectral parameters such as center wavenumber, intensity, line shape,  

and bandwidth. 
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When peak fitting is applied, the experimental spectrum is fitted to a sum of individual lines (some 

of the spectral parameters may be fixed during this procedure) in order to obtain a good representation 

of the measured spectrum. In contrast, deconvolution algorithms determine these parameters 

computationally as a first step. For instance, the first and second derivative spectra are derived and the 

position of a peak in the original spectrum can be identified at the extreme values of the second derivative 

spectrum. This works even for overlapping peaks. For our example mixture, the derivative spectra are 

plotted in Figure 7. It can be clearly seen, that the original mixture spectrum exhibits peaks, where the 

derivative spectrum has an extreme value. The deconvolution is particularly useful, when the signal 

exhibits a high signal-to-noise ratio. When the noise level is high, however, the analysis via derivative 

spectra becomes problematic as statistical fluctuations may incorrectly be identified as peaks by 

automatic deconvolution algorithms. 

Eventually, the peak parameters can be calibrated against the mixture composition and hence,  

when these parameters are determined in a spectrum of an unknown mixture, the compositional 

information can be obtained. This procedure is known as indirect spectral hard modeling [39,40].  

In order to reduce the computational cost, it is reasonable to reduce the spectral window of interest to a 

minimum. In other words, a limited spectral region with contributions from all species of interest is 

chosen before a detailed analysis is carried out. 

 

Figure 7. Derivative spectra and resulting deconvolved peaks (dashed lines). 

2.3.4. Chemometrics 

Chemometrics represents the most universal toolbox for spectral analysis, but it is at the same time 

mathematically complicated and computationally demanding. Chemometrics is based on statistics and 

hence it can be considered a purely empirical approach. It has great advantages when large data sets with 

a large number of variables (e.g., spectra depending on composition, pressure, temperature etc.) need to 

be evaluated in a systematic manner. In order to reduce the number of variables, the initial step is usually 

a principal or independent component analysis (PCA or ICA, respectively). For this purpose,  

an orthogonal transformation is employed to convert a set of measured data of possibly correlated 

variables into a set of values of linearly uncorrelated variables [41]. These uncorrelated variables are 

called the principal components. A principal component, for instance, can be a characteristic spectral 

signature, which reflects changes in the concentration of a species in the mixture, but it does not 

necessarily have to be a peak of this species. 
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As a second step, a regression analysis relates the parameters determined with the quantity of interest. 

Common methods use a partial linear least squares regression (PLSR), but also non-linear higher-order 

approaches such as support vector machines (SVM) can be utilized [32]. A more comprehensive 

description of chemometrics can be found in the literature, e.g., in the textbooks of Bakeev [42], and 

Mark and Workman [43]. 

3. Characterization of Gaseous Fuels 

This chapter gives an overview of vibrational spectroscopy applications to gaseous fuels. Specifically 

the analysis of natural gas, biogas and other alternatives such as syngas will be reviewed. However, 

before going into detail of the published work, we need to clarify, which parameters are usually of 

interest for the characterization of a gaseous fuel. 

The full and most comprehensive analysis would be to determine the concentration of each individual 

component (typical concentration ranges of the main components of natural gas and biogas are illustrated 

in Figure 8). The practitioner, e.g., the operator of a pipeline or a gas turbine, however, may not be 

interested in such details. In many cases, the knowledge about the energy content of the fuel and the 

presence of potentially harmful substances (e.g., toxic or corrosive species) may be sufficient. Hence, 

there is a need to convert the concentration information obtained from a vibrational spectrum to 

characteristic parameters such as the calorific value, the relative density, and the Wobbe index. The latter 

represents the ratio of the superior heating value and the square root of the relative density.  

This definition of the Wobbe index establishes a comparability and exchangeability of gaseous fuels.  

In other words, for a given burner system, one fuel can be replaced by another when they exhibit the 

same Wobbe index, without the need for modifying the burner settings and configuration. The commonly 

applied rules for this conversion of parameters are summarized for natural gas in the international 

standard ISO 6976 [44], where further details can be found. 

 
(a) (b) 

Figure 8. Typical concentration ranges of natural gas and biogas. The data are plotted on 

linear scale (a) and logarithmic scale (b) for readability. 
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3.1. Natural Gas 

Natural gas is normally a mixture of small hydrocarbons, mainly methane and ethane, with certain 

amounts of inert gases such as nitrogen and sometimes carbon dioxide. Due to its high hydrocarbon 

content, it is classified as a high-calorific-value gas (H-gas). However, its composition can differ 

dramatically depending on the region where it is produced. A good overview can be found in the Gas 

Composition Transition Agency Report 2013 [45]. 

The application of vibrational spectroscopy to natural gas or related gas mixtures focused on the 

determination of the mixture composition or the concentration of selected species of interest. For the latter, 

absorption spectroscopy in the mid- and near-infrared is the method of choice.  

Due to the fact, that some important species such as hydrogen, oxygen and nitrogen are not  

IR-active, absorption-based techniques are of limited use for a comprehensive compositional analysis of 

natural gas. Nevertheless, applications of absorption spectroscopy to natural gas systems are broad.  

For example, Haus et al. [46] used FTIR spectroscopy to determine the temperature and concentrations 

of methane, carbon monoxide and dioxide, nitric oxide, and water vapor in the gas emitted from natural 

gas flares. Makhoukhi et al. [47] compared mid- and near-IR spectroscopy with chemometric analysis 

to determine the composition of model hydrocarbon mixtures containing methane, ethane and propane. 

They did a systematic investigation of different spectral ranges and resolutions, and eventually 

concluded that NIR is better suited than the mid-IR. Therefore, mid-IR applications are relatively rare 

compared to NIR, for which only a few selected pieces of work are discussed here as this article focuses 

on IR and Raman techniques. 

Dantas et al. [48] used NIR spectroscopy to measure the methane content of natural gas.  

The monitoring of methane can be sufficient, when its content is highly dominating the properties of the 

mixture. For instance, this is the case for such types of natural gas, which mainly consist of methane and 

only a few percent of other compounds. Beyond this, Mullins et al. [49,50] aimed at making NIR 

methods suitable for characterizing gases directly in well fluids under the relevant conditions (elevated 

temperature and pressure). They determined the gas-oil ratio of gas-containing crude oils and accomplished 

a compositional analysis. 

Because of its capability of detecting all relevant species simultaneously, Raman spectroscopy has 

experienced great interest in the context of natural gas analysis since the 1980s. An early feasibility study 

of the applicability of Raman spectroscopy to natural gas analysis was carried out by Diller and Chang 

in 1980 [51]. They studied gas mixtures with eight components (seven hydrocarbons and nitrogen) at 

ambient temperature and pressures up to 8 bar using an argon ion laser as excitation source (2W, 514.5 nm) 

in a 90°-arrangement. A measurement uncertainty of 0.1% (mole fraction) was found when the 

experimental setup remained undisturbed (the sensitivity of the 90°-setup to misalignment was discussed 

above). In order to widen the range of possible measurement conditions, Brunsgaard Hansen et al. [52] 

developed a high-pressure cell for the 90°-Raman setup. They were able to reach pressures as high as 

150 bar and reported a remarkable detection limit of hydrogen sulfide in the order of a few mg/m3.  

For signal quantification, they used the ratio method described in Section 2.3.1. Other work focused on 

enhancing the Raman signal intensity in order to improve the measurement sensitivity and accuracy.  

Multi-pass arrangements are the state-of-the-art, but innovative approaches include the use of capillaries 

in order to increase the size of the measurement volume. For example, Buric et al. [53] utilized a  
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hollow-core photonic crystal fiber, through which the gas was flowing. A comparison with a traditional 

90°-setup revealed a signal enhancement of 2–3 orders of magnitude. Consequently, a laser with 

relatively low power could be employed (0.1 W, argon ion). High sensitivity with a low-power laser was 

also achieved by Hippler et al. [54]. They built a cavity, in which the radiation of a diode laser (10 mW, 

635 nm) was enhanced by three orders of magnitude to measure hydrogen, methane and benzene vapor. 

These works represent a quite important step, as stable and reliable laser sources with <1 W power are 

becoming commercially available at reasonable cost. Hence, the light source does not represent the most 

expensive piece of equipment in a gas phase Raman setup any longer. This opens up new possibilities 

for developing compact and relatively cheap gas phase analyzers based on Raman scattering. This 

facilitates applications in the field instead of being in need of bringing the sample to an analytical lab. 

As a consequence, there have been a number of attempts to develop Raman sensor systems for gas 

phase measurements. A commercial gas analyzer is available from Kaiser Optical Systems Inc. [55]. 

With a special focus on natural gas analysis, two further systems have been developed in the last 15 

years. The group of Seeger and Leipertz et al. built a compact device utilizing the 90°-geometry. They 

tested solid state lasers and diode lasers as light sources [56]. The measurement errors were below 0.05% 

in a lab experiment with a 5-W Nd:YLF laser (532 nm). The final sensor was built as a compact and 

portable box (560 × 540 × 300 mm, 30 kg) and reached measurement uncertainties as low as 0.01% for 

the major species in natural gas [57] and measurement times significantly below a minute [58]. Equipped 

with a software for controlling the sensor hardware and for evaluating the Raman signals, the fully 

automatic device was used to monitor the composition of natural gas in a gas turbine power plant [37,59]. 

The software used the spectral soft modeling approach and derived values of the calorific value and the 

Wobbe index from the gas composition determined. Excellent agreement with reference gas 

chromatography measurements was found. In recent years, Buldakov et al. [60,61] developed a Raman 

analyzer for natural gas characterization as well. They obtained similar sensitivity (~0.01%) using a 

multi-pass arrangement and a 2-W laser (532 nm). However, their measurement time was 1000 s. 

3.2. Biogas 

Typical biogases are mixtures of mainly methane and carbon dioxide with relatively small amounts 

of other gases like nitrogen, hydrogen and hydrogen sulfide. The possible presence of molecules such as 

nitrogen and hydrogen, which are not IR-active, make Raman scattering the method of choice for 

characterizing biogases. This is reflected by the fact that mainly Raman spectroscopy was used to 

analyze biogas and related gas mixtures. 

For the development and improvement of Raman methods for biogas analysis, simplified model gas 

mixtures are normally used. Seitz et al. [62] carried out a detailed analysis of the signal characteristics 

recorded in binary mixtures of carbon dioxide and methane. They accomplished simultaneous 

measurements of mixture composition and pressure at ambient temperature and pressures up to  

700 bar. Buric et al. [63] utilized the back-scattered Raman signal from methane and carbon dioxide 

inside a hollow-core photonic crystal fiber and achieved detection of ~100 ppm with high temporal 

resolution (1–20 s). A similar approach was used by Pearman et al. [64], who developed a metal-coated 

capillary tube as a multi-pass gas cell for analyzing carbon dioxide-methane mixtures with high 

sensitivity. These developments make Raman spectroscopy a suitable method for leak detection and 
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environmental monitoring of pipes carrying biogas. Kiefer et al. [37] showed that their sensor system 

developed for natural gas analysis is also capable of characterizing biogas. For this purpose, they tested 

a mixture of nitrogen, carbon dioxide, methane and hydrogen. They concluded that the spectral soft 

modeling algorithm works without the need for re-calibration although the concentration ranges of the 

individual components in the biogas were significantly different from the calibrated model gas. 

A few applications to real (i.e., no artificial model gases) biogases have been reported very recently. 

Numata et al. [65] used a commercial Raman spectrometer with an argon ion laser (488 nm) to analyze 

fermentation gases containing methane, hydrogen and carbon dioxide. Calibration measurements were 

carried out in binary and ternary gas mixtures, and good agreement with reference values was found.  

For signal evaluation, the intensity ratio method was used taking advantage of the fact that the three 

gases under investigation exhibit Raman peaks well separated from each other. In more complicated 

mixtures, i.e., with more components and overlapping peaks, the spectral soft modeling approach was 

applied successfully by Seeger et al. [66,67]. They modified their natural gas analyzer [57] in order to 

meet the special needs of biogas systems [67]. For example, the spectral range was extended and a  

multi-pass arrangement was implemented in order to enable detection of the weak Raman signals from 

water vapor. Moreover, a detailed investigation of temperature and pressure effects on the spectral 

properties was carried out in order to improve the flexibility of the system. Eventually, this allowed gas 

monitoring at various points in a biogas plant. In this facility, biogas was produced by fermentation and 

further processed in order to meet the specifications of a gas distribution system. The measurement time 

was about 60 s, which is longer than in the previous natural gas experiments [37]. However, it must be 

pointed out that the natural gas analysis was carried at elevated pressure (35 bar) while the biogas was 

analyzed at ambient pressure; hence a significantly lower gas density. Schlüter et al. [66] further 

improved the system and achieved measurement times in the order of 1 s maintaining an uncertainty of 

about 0.1% at ambient pressure. The fully automatic instrument was successfully tested at different 

places in a biogas plant, in which food leftovers were fermented [66]. 

3.3. Alternative Gaseous Fuels and Special Applications 

Raman spectroscopy has found a number of further applications to characterize fuel gases.  

For example, synthesis gas (also known as syngas), which represents mixtures mainly comprising of 

carbon monoxide and hydrogen, were analyzed by Raman techniques. Eichmann et al. [68] carried out 

a systematic investigation of the pressure and temperature influence on the Raman spectra of carbon 

dioxide/hydrogen mixtures in order to develop an approach for determining the composition of syngas. 

Moreover, they discussed the suitability of different spectral ranges used for data evaluation and 

concluded that the fingerprint region from 300 to 1600 cm−1 provides the best accuracy. For syngas 

containing carbon monoxide, this range would need to be extended to ~2300 cm−1, which is possible in 

a straightforward manner. Eichmann et al. [68] substituted carbon monoxide by carbon dioxide for safety 

reasons, as CO is a highly toxic substance and can be harmful even at low concentration [69]. Therefore, 

syngas applications require high safety standards and gas leakage must be detected as early as possible; 

hence the need for highly sensitive analytical methods. For very sensitive detection of carbon monoxide, 

Rae and Khan [70] applied surface enhanced Raman spectroscopy (SERS). They developed a substrate 

with mixed silver/palladium nanoparticles and achieved qualitative detection of CO in a gas stream 
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containing 1% CO employing a low-power laser source (1 mW), which is remarkable for a gas phase 

system. These results show the potential of developing low-cost Raman instruments for gas phase 

analysis. Translating these results to Raman systems with a high power laser, the detection limit can be 

in the order of ppm. 

Other areas, where the detection, quantification and characterization of typical fuel gases is important 

are those in which the gas is dissolved in a fluid or bound in a solid material. Li et al. [71–73] built a 

Raman system with a multi-pass near-confocal cavity to analyze the gas separated from transformer oil. 

The gas of interest contained hydrogen, nitrogen, carbon monoxide and dioxide, as well as small 

hydrocarbons. The cavity enhancement allowed detection of ppm-levels of the different gases employing 

a 200-mW laser with a wavelength of 532 nm.  

Raman spectroscopy was also successfully applied to gas hydrates. Hydrates (or clathrates) are  

ice-like, crystalline structures, in which small non-polar gas molecules are trapped inside cages of 

hydrogen-bonded water molecules. Large quantities of methane hydrates can be found on the seabed of 

the ocean [74] making these compounds a possible alternative source of fuels. Therefore, there is an ever 

increasing interest in characterizing hydrates. Methane hydrates are most frequently studied by Raman 

spectroscopy. Due to the presence of relatively large amounts of water, the applicability of absorption 

spectroscopy in the infrared is limited. Uchida et al. [75] used Raman spectroscopy to measure the 

hydration number, i.e., molecular ratio of methane and water in the hydrate, in artificially prepared and 

natural clathrates. They showed that the hydration number was virtually independent of the formation 

conditions. Natural hydrates were studied directly on the seabed in terms of structure and composition 

with a subsea Raman instrument by Hester et al. [76]. Interestingly, they identified small amounts of 

hydrates, in which hydrogen sulfide was the guest molecule inside the water cage. The same group also 

expanded the range of possible guest molecules to other small hydrocarbons commonly found in natural 

gas [77,78], such as ethane, propane, butane and pentane. They found similar structure, composition and 

heterogeneity in artificially prepared and natural hydrates. This led to the conclusion that the synthetic 

preparation of hydrates under controlled lab conditions is capable of simulating the processes occurring 

naturally on the seabed. Similar conclusions were drawn by Uchida et al. [79], who studied hydrates 

formed from gas mixtures containing methane, ethane, propane, and butane. Moreover, the results 

obtained subsea [76,77] proved the potential of Raman spectroscopy for the application to a complicated 

type of material in a very challenging environment. 

4. Characterization of Liquid Fuels 

This chapter gives an overview of vibrational spectroscopy applications to liquid fuels. Gasoline and 

diesel are the most prominent examples and represent the most widely used types of liquid fuels. 

However, owing to the ongoing depletion of the natural resources of petrochemicals, significant effort 

is currently being made to replace fossil fuels by renewable alternatives, at least in part. For this purpose, 

conventional fuels are commonly blended with certain amounts of biofuels and hence the need for 

characterizing these mixtures. Needless to say, that the fossil fuels are complicated mixtures themselves 

as well. 

The parameters of interest, when a liquid fuel is characterized are (besides its chemical composition) 

its calorific value, the research octane number (RON) for gasoline, and the cetane number (CN) for 
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diesel. The RON indicates how much a fuel can be compressed in an engine before it undergoes  

auto-ignition, which can damage the engine. The CN is a measure of the combustion behavior, e.g.,  

in terms of the characteristic ignition delay. A detailed account of automotive fuels and their 

characteristics can be found in reference [80]. 

4.1. Petrochemical Liquid Fuels 

For the analysis of primary well fluids, such as crude oils, infrared and near-infrared spectroscopy are 

established methods. Raman spectroscopy has not been used for this purpose, because well fluids are 

typically opaque in the relevant spectral range. Hence, making Raman spectroscopy work would mean 

a substantial effort. In FTIR and NIR, this problem can be overcome by using the ATR-technique, in which 

the sample is penetrated by an evanescent field and transmission of radiation is not required. A common 

approach is to record spectra in mixtures with known composition and properties and feed the data into 

a large data base. The spectrum from an unknown sample can then be compared using appropriate 

numerical algorithms, e.g., Venkataramanan’s fluid comparison algorithm (FCA) [81] or a conventional 

cross-correlation method [82].  

Jingyan et al. [83] used FTIR to distinguish between highly similar crude oils. For evaluating the 

spectroscopic data, a moving window correlation algorithm was used. A comparison with NIR data 

showed that the mid-infrared spectra lead to a more reliable differentiation between the samples. In the 

context of crude oil characterization it is a common analytical task to determine the so-called saturate, 

aromatic, resin, asphaltenic (SARA) compounds [84–86]. For this purpose, FTIR and NIR are commonly 

employed in combination with multivariate data analysis. This is the method of choice because of the 

high complexity of the data sets and the large number of variables. 

Liquid natural gas (LNG), liquefied petroleum gas (LPG), and gasoline are mixtures of hydrocarbon 

compounds with relatively short chain lengths. There have been quite a few applications of vibrational 

spectroscopy to characterize these fluids. In 1996, Rest et al. [87] analyzed the NIR spectra of the liquid 

C1–C7 alkanes. As expected, the spectra exhibit many similarities and it was concluded that it would be 

impossible to determine the concentration of the individual compounds in an LNG sample without the 

aid of chemometric techniques.  

Gasoline samples were extensively studied by means of vibrational spectroscopy.  

Kardamakis et al. [88,89] used FTIR spectroscopy and chemometrics to identify the different 

constituents of commercial gasoline samples. Their approach facilitated to differentiate between gasoline 

fractions from processing through fluid catalytic cracking, catalytic reforming, alkylation, isomerization, 

and dimerization. NIR spectroscopy was used for the same purpose by Balabin et al. [90,91]. They 

compared a large variety of state-of-the-art chemometrics with modern sophisticated data analysis 

methods such as support vector machines (SVM) and probabilistic neural networks (PNN). It was 

concluded that the latter two are the most effective ones. Other groups used Raman [92] and  

infrared [93] spectroscopy for classifying gasoline samples with respect to the production facility and 

brand. Different brands are often characterized by certain additives admixed to the initially obtained 

petrochemical fraction. Consequently, even different brands of gasoline produced in the same refinery 

can be distinguished with respect to the spectroscopic fingerprint. A particularly interesting spectroscopy 

application in this context was the use of Raman spectroscopy to identify adulterated gasoline [94].  
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For this purpose, a low-cost Raman system was developed employing a miniature spectrometer and a 

low power laser (50 mW). A measurement time of 10 s was achieved allowing an online monitoring of 

the gasoline quality. 

Other work focused on the determination of the concentration of selected species or functional groups, 

and the prediction of certain fuel properties. The Shell Oil Company developed an IR method for 

measuring the olefin concentration in different gasoline samples as early as 1948 [95], and Diehl et al. [96] 

quantified the amount of aromatic hydrocarbons in gasoline by GC/FTIR. Reboucas et al. [97] used NIR 

spectroscopy to determine the fractions of aromatics, saturates, olefins and benzene as well as the relative 

density, while Pinto et al. [98] combined IR and NIR spectroscopy to obtain information about the 

specific mass and distillation temperature of gasoline samples. The determination of the octane number 

was demonstrated using NIR [99] and Raman [100] instruments. In addition, the Raman method [100] 

allowed deriving the Reid vapor pressure (RVP), which is another important fuel property. The RVP 

characterizes the volatility of a petrochemical fuel and is defined as the absolute vapor pressure exerted 

at a temperature of 100 F (37.8 °C).  

In contrast to gasoline analysis, the application of vibrational spectroscopy to diesel fuels is not very 

common. The compounds in diesel exhibit longer hydrocarbon chains and therefore the spectra become 

more complicated. Al-Degs et al. [101] derived the higher heating value of diesel samples using IR 

spectra analyzed by principal component analysis and partial least squares regression. A quite 

comprehensive study was published by Santos Jr. et al. [102]. They applied partial least squares 

regression and artificial neural network approaches to IR, NIR and Raman data of diesel fuels in order 

to determine cetane number, density, viscosity, distillation temperature and total sulfur content. The best 

performance was found for the combination of Raman spectroscopy with artificial neural network data 

analysis. In order to develop an online tool for monitoring and optimizing the blending of diesel fuel, 

Alves et al. [103] applied support vector regression (SVR) to NIR spectra. They determined the flash 

point and the cetane number, and the results were in good agreement with their conventional  

reference method. 

4.2. Blends with Biofuels 

Many commercial fuels represent blends of petrochemical fluids and biofuels. For example, gasoline 

is often mixed with bioethanol and diesel with biodiesel. Most biofuels exhibit oxygen containing 

compounds, which is a significant difference compared to their petrochemical counterparts. The latter 

typically consist of hydrocarbons with no oxygen incorporated, while biofuels contain alcohols,  

ethers and esters. Consequently, the properties and spectral signatures change significantly and may pose 

a challenge to established analytical methods. 

Ether and alcohol compounds are typically admixed to gasoline. Many applications of vibrational 

spectroscopy aimed at measuring the concentration of the added substances. Cooper and co-workers [104] 

compared Raman, IR, and NIR methods for the determination of the amount of oxygenated species in 

commercial gasoline containing small fractions of methyl tert-butyl ether (MTBE). The data were 

analyzed using partial least squares regression. While Raman and IR were found to yield comparable 

results, the potential of Raman spectroscopy as a candidate for online measurements was concluded to 

be higher, because of the significant transmission losses of IR radiation in fiber probes. In the NIR 
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spectra merely minor changes with oxygenate content could be identified. Raman spectroscopy was also 

the method of choice for measuring the methanol content of methanol-gasoline blends [105]. For data 

analysis, a hard modeling approach was developed in order to account for nonlinearities in the spectral 

behavior. Such nonlinearities can make the application of conventional linear regression methods 

difficult, so that alternative procedures need to be developed. Spectral hard modeling is one  

possibility [105], another one is the use of support vector regression [32].  

The most frequently studied mixtures are ethanol-gasoline blends, which are often abbreviated by 

EX, where X is the percentage of ethanol. For example, E10 means gasoline blended with 10% v/v 

ethanol. In order to learn something about the physicochemical effects and phenomena going on in such 

mixtures, blends of ethanol and well defined gasoline surrogates were studied [106,107]. Suitable 

surrogates are either a single chemical or a simple mixture of known composition [108,109].  

Van Ness et al. [106] studied binary ethanol solutions of heptane and toluene using IR spectroscopy in 

the OH stretching region. They put the spectra into context with heats of mixing and derived information 

about the thermodynamics and the molecular structure of the mixtures. Corsetti et al. [107] used a  

two-component surrogate—a binary mixture of heptane and iso-octane—and mixed it with ethanol with 

different ratios. A detailed analysis of the solvent-induced frequency shifts of the IR peaks and excess 

absorbance behavior allowed deriving information about molecular interactions and microscopic mixing 

effects in the solutions. Moreover, they tested several approaches for ethanol quantification and 

concluded, that the intensity ratio method with carefully selected spectral windows yields the most 

accurate results. Such quantitative measurements were the aim whenever mixtures containing real 

gasoline were investigated spectroscopically. For this purpose, the intensity ratio method was found 

suitable for evaluating Raman [110] and IR [111–113] spectra. For analyzing NIR spectra of  

ethanol-gasoline mixtures, partial least squares was the method of choice [114]. In the same study, 

mixtures of gasoline with a higher alcohol, namely butanol [114], were analyzed by NIR spectroscopy. 

On the other hand, diesel is often blended with biodiesel, which refers to a diesel fuel based on 

vegetable oil or animal fat consisting of long-chain alkyl esters. Similar to the EX number defining the 

composition of gasoline-ethanol mixtures, blends of biodiesel and conventional hydrocarbon-based 

diesel are characterized by a BX number stating the amount of biodiesel in a given fuel. For example, 

B10 would mean 10% biodiesel and 90% petro-diesel. A good and recent overview of biodiesel 

characterization using infrared and near-infrared methods was given by Zhang [115]. The review shed 

light on spectroscopy for biodiesel feedstock selection, transesterification reaction monitoring, 

determination of biodiesel blend level, and the analysis of biodiesel properties and contaminants. 

Therefore, only a few selected studies are mentioned here. 

The esters in biodiesel can differ quite a bit depending on its origin. For example, soybean oil and 

used frying oil will result in significantly different biodiesels. Mazivila et al. [116] analyzed six different 

B5 blends with different types of biodiesel using FTIR spectroscopy. Applying a partial least squares 

discriminant analysis yielded 100% correct classification. FTIR was combined with NIR spectroscopy 

to predict density, sulfur content and distillation temperature in diesel blends by De Lira et al. [117].  

All these results demonstrate that vibrational spectroscopy is a suitable means of determining the quality 

of a biodiesel blend. Consequently, the methods were successfully employed to identify adulterated 

diesel fuels [118,119]. The most common application of vibrational spectroscopic methods to diesel blends, 
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however, aimed at determining the amount of biodiesel [120–124]. In all these studies, absorption 

techniques were combined with multivariate data analysis. 

In conclusion, taking a rather general look at the work summarized in this sub-section on fuel blends, 

a rather clear trend is obvious. While IR and NIR spectroscopy is predominantly used in diesel blends, 

the Raman technique was the method of choice in most gasoline studies. This split is likely due to the 

optical properties of the different fuels. Diesel and its blends tend to exhibit low transmission in the 

wavelength range from ultraviolet to near-infrared. This part of the spectrum is normally exploited in 

Raman spectroscopy; hence a straightforward implementation is not possible. Absorption based 

methods, on the other hand, can be arranged in attenuated total reflection (ATR) mode, in which even 

totally opaque samples can be analyzed. 

4.3. Alternative Liquid fuels and Special Applications 

Of course, liquid fuels are not exclusively based on fossil fuels. There are attempts to use aqueous 

solutions of alcohols or food leftovers, such as used oils and fats directly in combustion and  

electro-chemical devices. This section aims at giving only a brief overview in order to illustrate where 

future developments may take place. 

Alcohols and their blends and aqueous solutions are interesting candidates, e.g., for the use as fuels 

in direct alcohol fuel cells [125–127]. There are lots of vibrational spectroscopic studies investigating 

the physical chemistry of alcohols and their mixtures with water, in particular the hydrogen bonding 

phenomena [128,129]. This is out of the scope of this article and the focus in the following will be on 

spectroscopic applications, in which the alcohol is considered as a fuel. Zehentbauer et al. [130] 

combined Raman spectroscopy with gravimetric analysis and chronoamperometry in order to 

characterize and monitor a direct methanol fuel cell. The Raman technique provided information about 

the evolution of the methanol content in the fuel. At the same time, the gravimetry yielded the overall 

mass of the system and the amperometry the consumption of methanol via electro-oxidation. The 

significant difference between the methanol concentration measured by Raman and the one calculated 

from the amperometric data allowed determining the Faradaic efficiency and estimating the loss of fuel 

through methanol cross-over and evaporation.  

Aqueous solutions of ethanol were studied by Mendes et al. [131]. They tested Raman and NIR 

techniques combined with partial least squares analysis for determination of the ethanol content in fuel 

ethanol, looking at binary mixtures in the concentration range 85%–100% w/w ethanol. In the same 

article, they also analyzed ethanol containing beverages using gas chromatography as a reference. 

Interestingly, they concluded that for the beverages both spectroscopic methods performed better than 

the standard GC. These results demonstrate how good and reliable spectroscopic techniques can be for 

the analysis of real-world fluids. Another study of ethanol-water solutions was carried out by  

Struthers et al. [38], who monitored the ethanol concentration in the top product of a distillation column 

using Raman spectroscopy. The spectra were evaluated using the intensity ratio method. 

These applications highlight the flexibility of vibrational spectroscopy. Its methods can be applied to 

a broad range of systems and fluids related to fuel characterization. This includes the analysis of reacting 

systems with high temporal resolution. 
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5. Summary and Outlook 

In this article, the applications of vibrational spectroscopy to the characterization of gaseous and 

liquid fuels, with a focus on infrared and Raman spectroscopy, have been reviewed. In the gas-phase, 

most research groups favor Raman based techniques for a number of reasons: 

(1) Virtually all relevant species are Raman-active and can be detected simultaneously. This includes 

the homonuclear diatomic species hydrogen, nitrogen, and oxygen, all of which are not IR-active 

and hence cannot be detected using absorption methods.  

(2) Raman spectroscopy is relatively insensitive to water vapor due to the low scattering cross 

section. In contrast, IR spectra are difficult to interpret as the water signals are very strong and 

appear in wide ranges of the near- and mid-infrared spectrum.  

(3) The advances in the development of suitable light sources and detectors allow relatively small 

and fully automatic Raman gas analyzers to be built. 

On the other hand, for the characterization of liquid fuels, absorption techniques have their benefits 

as they allow analyzing even fully opaque samples, such as crude oil, when the attenuated total reflection 

approach is employed. However, for optically transparent samples, Raman spectroscopy was found to 

be a suitable alternative. 

The basis of characterizing complicated fuel systems such as gasoline and diesel using spectroscopic 

methods is certainly the development of advanced data evaluation protocols. Most of the procedures 

applied represent means of chemometrics. Besides the established methods like principal component 

analysis and partial least squares regression, new approaches including support vector machines and 

artificial neural networks facilitate to derive a multitude of fuel characteristics from spectroscopic data. 

This includes information about the chemical composition as well as density, viscosity, distillation 

temperature, contaminants, and adulteration.  

The development of compact and portable instruments for fuel characterization remains to be a hot 

topic driven by the development of new analytical techniques and advanced hardware, i.e., light sources 

and detectors. For example, the use of simple laser diodes and light-emitting diodes enables not only 

reducing the investment costs, but also leads to novel approaches, like the recent development of  

multi-mode absorption spectroscopy, MUMAS [132,133] and light-emitting diode based Raman 

techniques [24,134]. Moreover, most applications to date employed fairly established IR and Raman 

methods, in which continuous wave light sources are employed. Over the last few decades, however, 

pulsed sources became more and more powerful, reliable, robust, and affordable. This opened up new 

possibilities for developing analytical techniques, which have great potential for applications in the area 

of fuel characterization. For example, the development of pulsed super-continuum (SC) sources covering 

a broad spectral bandwidth in the near-infrared allows measurements with high temporal resolution 

(nanoseconds) and high repetition rate (up to MHz). An overview of the generation of SC radiation and 

its use in chemical sensing including the detection of typical fuel molecules was given by Kaminski  

et al. [135]. So far, most work using SC absorption spectroscopy focused on sensing selected species 

such as water, carbon dioxide and small hydrocarbons in the gas phase, see for example [135–139]. 

However, future developments in this area may lead to methods for comprehensive fuel characterization. 

For instance, the application of chemometrics to SC spectra is very promising in this context. 
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Further interesting methods can be found in the area of nonlinear optical spectroscopy, in particular 

four-wave mixing techniques [140,141]. The most common nonlinear vibrational spectroscopic 

approaches for detection of fuel molecules include coherent anti-Stokes Raman scattering  

(CARS) [142], infrared polarization spectroscopy (IRPS) [143,144] and degenerate four-wave mixing 

(IR-DFWM) [145,146], as well as laser-induced gratings (LIGs) [35,147,148]. The recent advances in 

the development of these techniques towards high-bandwidth measurements and multi-species detection 

will facilitate the characterization of multi-component fuels [149–152]. 

In conclusion, on the one hand, vibrational spectroscopy methods in terms of FTIR, NIR and Raman 

spectroscopy are reliable, accurate, robust and well established tools for the characterization of fuels, not 

only in research labs. There have been a number of exciting field applications and the future will certainly 

see a further strong increase as more portable systems are becoming commercially available.  

On the other hand, there are emerging techniques utilizing advanced physical effects and/or employing 

advanced light sources having the potential of being applied to fuel characterization in the future.  

There is no question that vibrational spectroscopy of fuels will remain an exciting area of fundamental 

and applied research, as well as deployment. 
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