
LICENTIATE T H E S I S

Department of Engineering Sciences and Mathematics
Division of Energy Science

Camera and Laser Based Diagnostics 
Relevant for Entrained Flow Gasifiers

ISSN 1402-1757
ISBN 978-91-7790-015-3 (print)
ISBN 978-91-7790-016-0 (pdf)

Luleå University of Technology 2018

Y
ngve Ö

gren   C
am

era and Laser B
ased D

iagnostics R
elevant for E

ntrained Flow
 G

asifiers
Yngve Ögren

Energy Engineering



 



Camera and Laser Based Diagnostics 

Relevant for Entrained Flow Gasifiers

Yngve Ögren

Luleå University of  Technology
Department of Engineering Sciences and Mathematics 

Division of Energy Science



Printed by Luleå University of Technology, Graphic Production 2018

ISSN 1402-1757  
ISBN 978-91-7790-015-3 (print)
ISBN 978-91-7790-016-0 (pdf)

Luleå 2018

www.ltu.se



i 
 

Abstract 
Entrained flow gasification (EFG) with biomass as feedstock has shown techno-

economical potential for production of CO2 neutral fuels. In EFG the fuel is feed into a 
hot reactor as droplets or powder. Due to the high temperature, the ash melts and can be 
extracted from the bottom of the gasifier. However, as pulverized biomass changes 
properties with humidity, time, size distribution and several other factors which can cause 
feeding interruptions and consequently flame extinguishing reliable monitoring of the 
gasification process is required. Because of harsh conditions inside the reactor, probe 
measurements require frequent maintenance. Past studies have shown that optical 
methods including flame visualization and tunable diode laser spectroscopy (TDLAS) 
could be successfully applied for gasification process monitoring. 

The aims of this thesis are (i) to investigate what additional information than just the 
image itself can be extracted using a simple camera used for monitoring a flame or a 
reactor and (ii) evaluate the potential of replacing the camera with a two-color pyrometry 
system and (iii) the potential of tunable diode laser spectroscopy for process monitoring 
in gasification.  

 Images of fuel-rich flat flames and wood powder gasification flames were processed 
using two different image processing techniques: extracting the statistical moments of 
pixel intensities and subsampling the image by spatial binning and using binned 
intensities as input values. The decomposed data were thereafter evaluated using two 
regression methods: Gaussian Process Regression (GPR) and Artificial Neural Networks 
(ANN) to produce estimations regarding equivalence ratio and syngas composition. For 
the flat flames the equivalence ratio could be predicted to the accuracy of the mass flow 
controllers and the gas concentrations with a root mean squared error (RMSE) of ~0.05 
%. For the gasifier, fluctuations and the quality of the measured data used for training the 
regression models was the limiting factor, here the RMSE of the predicted equivalence 
ratio was 𝜙𝜙 ± 0.11, and the gas concentration was predicted within ± 0.6 %. 

 In the frame of this work, a CCD camera based two-color pyrometry for radiometric 
measurement at two wavelengths was developed and applied for measuring spatial 
temperature and soot concentration in flat flames. The temperature and soot concentration 
of the flat flames, was compared to thermocouples, TDLAS and laser extinction and 
electric low-pressure impactor measurements. The results showed that the pyrometer 
could measure temperature and soot concentration with the same accuracy as the 
conventional instruments used for characterize this environment. It was found that 
TDLAS could successfully measure gas temperature and species concentration within the 
harsh environment of the reactor core of an entrained flow gasifier.   
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1. Introduction 
Entrained flow gasification (EFG) of biomass is a process were powder or atomized 

liquid fuel is feed into a high temperature (>1000 C) reactor, preferably together with 
pure oxygen as oxidizer and at high pressure. In this high-temperature environment, the 
organic components in the fuel are thermochemically converted to gas. The inorganic 
components in the fuel form the ash which in this high temperature preferable is in melt 
form and thereby can be removed from the bottom of the gasifier through a slag tapping 
hole. Figure 1A describes schematically the conversion process of the particles entering 
the entrained flow gasifier.  

  
Figure 1. (A) Schematics over the particle conversion process occurring inside the 
entrained flow reactor, (B) schematics of an entrained flow reactor design.  

Exiting the burner inside the reactor the particles heat up, by the radiative heat transfer 
from the reactor walls and due to the mixing with hot gas, the moisture is then released by 
evaporation and the dry particles then start to devolatilize. During devolatilization, the 
released gases react with the provided O2 streams and form CO, H2, CO2, H2O, CH4, tars, 
char and soot together with heat [1]. The heat released when the volatiles reacts with O2 
cracks the tars and in presence of O2 char oxidation takes place. When all oxygen is 
consumed the remaining char react with CO2 at high temperatures, (1600 K to 2500 K) 
and with H2O at appreciable H2O concentrations [2]. If the conversion process occurs at 
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low temperatures tar and methane formation is enhanced [3], and at higher temperatures 
(1350-2500 K) soot formation occurs [4]. 

To illustrate how biomass powder can be converted into gas industrially, Figure 1B 
shows a general large-scale EFG reactor design. In this design, the dry powder fuel is 
transported from a hopper with a screw feeder to the burner where the oxidizer is 
supplied. The EFG reactor is constructed with an outer shell of steel to withstand high 
pressure and with refractory internally to endure high temperature and the corrosive 
ashes. In the reactor, the flame is stabilized with the help of the aerodynamics created by 
the burner. The injected powder is converted to gas and the ash in the reactor. The 
gasification products thereafter flow through the slag tapping hole and through a water 
quench where the gas is cooled when passing through the water which prevents further 
reactions and reduces the particular matter. The melt (i.e, the liquid ash) is also cooled 
here and forms ash granulates. From the bottom of the quench, the ash and the captured 
non-converted fuel can be removed using a lock hopper system. The gas is withdrawn on 
the side of the reactor above the water level for further gas upgrading.  

The EFG process has shown to be reliable and is well-established using coal [1,5]. 
The process has also shown techno-economical potential for production of synthetic fuels 
[6] from biomass. There are several industrial companies such as Siemens, Texaco or 
General Electrics which manufacture and sell entrained flow gasifiers for coal as fuel. 
The gasifiers can be made with several different configurations with multiple burners 
mounted in either the bottom or the top of the reactor. Another interesting design 
sometimes used for coal gasifiers is the cooling screens walls which imply the use of 
water-cooled steel pipes as reactor walls where the ash solidifies and hence makes a 
protective cover [5].  

The high process temperature of the EFG technique, however, enhances soot 
formation, ~1 wt % of the fuel becomes soot [7,8]. For an industrial scale facility, even 
this small fraction can become a problem since the soot pollutes and represent a health 
risk. Another challenge with biomass gasification is to feed the biomass without 
interruptions and fluctuations which has shown to be difficult due to the physical 
properties of the fuel [9,10]. With the risk of interruptions and fluctuations of the fuel 
feeding which consequently can lead to flame extinguishing and plugging of the slag 
tapping hole, close monitoring of the process using robust measurement techniques is 
required. Due to the harsh environment inside the reactor core (high temperature, high 
particle concentration [11,12] and continuous deposition of ashes), intrusive 
measurements with probes and thermocouples require frequent maintenances. The 
traditional monitoring methods, thermocouples and GC, have also other drawbacks than 
for example the thermocouple reading is heavily biased by heat transfer balance within 
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the reactor, and the heat transfer depends on the thermocouple diameter, emissivity, wall 
temperature and the optical environment. Since the diameter and emissivity of the 
thermocouple will change with ash depositions an accurate correction is hard to perform. 
The GC can measure all important species for quality ensuring of the produced syngas, 
however, the evaluation of each sample takes several minutes which can be considered 
too slow for process monitoring. With the mentioned drawbacks of the traditional 
methods and the possible sudden changes in the reactor, fast non-intrusive methods are 
preferred for process monitoring in entrained flow gasifiers. Past works regarding 
entrained flow gasification have shown that monitoring the flame and the slag tapping 
hole can successfully be done with a simple camera mounted in a N2 flushed probe [13]. 
Another promising technique is the tunable diode laser absorption spectroscopy (TDLAS) 
which can handle the harsh environment with high particle concentrations and is non-
intrusive, this technique has demonstrated reliability and good accuracy in the 
gasification environment [14], coal-fired power plants [15] and waste incinerators [16]. 
The TDLAS method allows species column densities, temperature and soot to be 
monitored with high sample rate continuously and without the need of calibration.  

 
The aims of this thesis are (i) to investigate what additional information than just the 

image itself can be extracted using a simple camera used for monitoring a flame or a 
reactor and (ii) evaluate the potential of replacing the camera with a two-color pyrometry 
system and (iii) the potential of tunable diode laser spectroscopy for process monitoring 
in gasification.  
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2. Literature overview 

2.1 Combustion relevant camera-based methods 
Addressing the aim (i), an overview of published literature was done. As a result of a 

small number of existing gasification facilities in the world no work dedicated to 
gasification process monitoring was found, however, several works using cameras for 
diagnostics of combustion can be found in the literature. 

Cameras have been used for a long time for studying flames. In the beginning of the 
90’s when computers became a common working tool, computer-based image processing 
together with regression analysis started to appear [17–19]. The regression analysis can 
be focused on correlating several important parameters relevant for the facility in 
principle, as long as a regressor output is provided to establish the regression model, in 
literature pollutants [20], O2 concentration in the flue gases [21], boiler settings [17] is 
some examples of regressor outputs.  

In the literature there are works were the to use the image pixel values directly 
together with regression analysis, this technique has been demonstrated for relatively 
small images (1024 pixels) [17]. However, using the high-resolution sensors available 
today, often images beyond 1 Megapixel is acquired, the huge amount of input values 
(pixels) will lead to unreasonable evaluation time and memory usage. To reduce 
evaluation time and memory usage of image processing is required, many different 
techniques for image processing has been applied and reported. The simplest image 
processing technique is binning, in this method the image is divided into regions and the 
mean value of each region is calculated, this is a simple way to decompose the picture to 
a lower dimension. Another common method for picture data reduction is to extract 
image features. The image features (parameters) found in the literature overview could be 
categorized in to geometric, radiometric and statistical. The table of common extracted 
image parameters can be seen in Table 1.  

Table 1. Summary of common extracted image features. 

Parameter category Actual parameter Refs 
Geometric Flame length, Flame width, Flame 

angle, Ignition point, Flame area 
[19] 

Radiometric Flame brightness, Standard deviation, 
Flickering frequency 

[22] 

Statistical Mean brightness, Standard deviation, 
Skewness, Kurtosis   

[23] 
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The geometric parameters in Table 2, are obtained through basic image processing, some 
of the parameters can have a physical meaning, i.e the length of a diffusion flame depends 
on the flow and the diffusion [4] and for a premixed flame, the cone angle is related to the 
flame velocity [2]. A drawback with using geometrical parameters is that it often implies 
the use of fixed points within the image evaluation, for example, the flame length is 
measured from a point within the picture, and the angle requires a centrum line for 
evaluation. If fixed points are used within the image processing, the system will be prone 
changes involving a movement of the camera or physical process changes.       

Radiometric measurements imply that the radiation intensity is measured, 
additionally, the measured intensities with a CCD camera could with a calibration be 
quantified, or with a pyrometer used for determining the temperature [24]. For regression 
analysis applications, these intensities are although rarely quantified, instead, the 
collected intensities are used qualitatively. The most common radiometric parameter is 
the mean value of the image in the first two dimensions or the third dimension of an 
image sequence. The standard deviation can either be determined in first two dimensions 
or the third dimension of a sequence, this captures the fluctuations of the flame. The 
flickering frequency can be determined from a picture series with Fast Fourier Transform 
(FFT) [25], where the sample rate determines the frequency range, and the sample 
amount the resolution. With the FFT analysis, the sample sequence is divided into a set of 
frequency components and a spectrum is obtained, this spectrum is then frequency-
weight-averaged to obtain a single frequency for each pixel – in this step the quantitative 
information is actually lost. However, even if there is no physical meaning for flame 
flickering, it still correlated to combustion parameters, Garcia et. al demonstrated that the 
flame flickering could be directly correlated to CO emission for example [25].  

The statistical moments of images have shown good capability to predict processes 
parameters of complex processes as grate boilers [23]. Even if most of the statistical 
moments have a non-intuitive physical relation to the process the information within the 
image is compressed to one value for each statistical moment and later taken into account. 
The use of the complete picture is a good approach since the evaluation will be more 
robust against process changes and movements, i.e if the flame changes position or shape.  
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In literature more scientific ways for compression of the information within the 
images can be found, Table 2 presents mathematical algorithms that can be used for 
decomposing images to lower dimensions.  

Table 2. Mathematical algorithms used for decomposing images in literature 

Decomposing technique Refs 
Principal  component analysis (PCA) [21,26] 
Kernel principal  component analysis (KPCA) [27] 
Independent component analysis (ICA) [28] 

 

Principal component analysis (PCA) can be used for extraction of principal components 
from images and is a well-established technique which has been applied to heavy oil 
combustion [21,26] for O2 level measurement. With PCA, an orthogonal transformation 
(𝑋𝑋𝑋𝑋𝑇𝑇) is done to the mean subtracted image, obtaining the covariance matrix. The 
covariance matrix is then decomposed to two matrices as PDPT, where P is the principal 
components vectors and D the eigenvalues of the covariance matrix, the index of 
principal components are ordered along the descending order of eigenvalues size. The 
principal components can thereafter be used to recreate the original image. If a color 
camera is used which return images in several colors, the first principal component vector 
of these images, can explain more than 90% of the information from the three images 
altogether and therefore is a successful way to compress data. A detailed description of 
PCA for image decomposition can be found in [29]. The PCA can also be performed 
using a nonlinear transformation of the data X, 𝑓𝑓(𝑋𝑋), where the orthogonal projections 
𝑓𝑓(𝑋𝑋)𝑓𝑓(𝑋𝑋)𝑇𝑇 can be formulated with a kernel function, this proceeding of the PCA is 
termed Kernel principal component analysis (KPCA) and is described in detail in [30]. 
The KPCA has been successfully applied to images of the flame in a rotary kiln [27]. The 
drawback with these methods is that they are relatively computational expensive since the 
PCA performs O(N3) operations where N is the sample size. 

Independent component analysis (ICA) is a method to decompose mixed signals by 
assuming the measured signal is the product of a mixing constant and the mutual signal 
defined as X=AS, where X is the measured signal, A the mixing coefficients and S the 
underlying signal. The problem here is that the equation contains two unknown and only 
one equation, to solve this equation the rows of A is assumed to be linearly independent 
and numerical algorithms described elsewhere is used [31]. The technique of using ICA 
has been successfully applied to an IC engine [28], where the engine position can be 
deciphered with the coefficients.  
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With the extracted image features the use of a regression algorithm can simplify the 
correlation of the extracted features to relevant process parameters. The choice of 
regression algorithm must be based on the definition of the problem, for categorization, 
an algorithm capable of classification has to be used and for continuous data, a regression 
algorithm are used. For the regression analysis which is most desired for continues 
process control, it is beneficial to use a regression model that is independent of a 
predefined underlying function and also a model that can handle multiple input 
parameters simultaneous. In literature models as Gaussian process regression (GPR) 
[21,32], artificial neural networks (ANN) [17,19,23] and support vector machines [33] 
has shown successful applications, these regression methods fulfill the requirements of 
handling many inputs and require no predefined function. The ANN can simply be 
described as a grid of functions, where each grid node is called a neutron and performs a 
mathematical operation specified by the chosen transfer function. As a grid with neutrons 
is designed larger each row of neutrons is called a layer. Fundamental information about 
ANNs can be found in [34]. The GPR assessed regression function 𝑓𝑓(𝑥𝑥) is a defined as 
the projection of the data X to the feature space defined by the function 𝜑𝜑 together with 
the weights W such as 𝑓𝑓(𝑥𝑥) = 𝜑𝜑(𝑥𝑥)𝑇𝑇𝑊𝑊. The difference between the function and the y 
values is defined as 𝑦𝑦 = 𝑓𝑓(𝑥𝑥) + 𝜀𝜀 where 𝜀𝜀 is Gaussian distributed noise. Following the 
Bayesian analysis of the standard linear regression model in [32], the mean value and the 
standard deviation of the regression function can be expressed as 

𝑓𝑓∗|𝑥𝑥∗,𝑋𝑋,𝑌𝑌 = 𝑁𝑁�
1
𝜎𝜎𝑛𝑛2

𝜑𝜑(𝑥𝑥∗)𝑇𝑇𝐴𝐴−1𝜑𝜑(𝑋𝑋)𝑦𝑦,𝜑𝜑(𝑥𝑥∗)𝑇𝑇𝐴𝐴−1𝜑𝜑(𝑥𝑥∗)� (1) 

Where 𝜎𝜎𝑛𝑛2 is the variance of the Gaussian distributed noise 𝜀𝜀 and 
𝐴𝐴 = 𝜎𝜎𝑛𝑛2𝜑𝜑(𝑥𝑥)𝜑𝜑(𝑥𝑥)𝑇𝑇 ∑ −1𝑝𝑝 . A key feature with this method is that the product of the 
mapping function within A can be described with a kernel function such as 𝐾𝐾 =
𝜑𝜑(𝑥𝑥)𝜑𝜑(𝑥𝑥)𝑇𝑇, which the most commonly used is the squared exponential. The K matrix 
will have a size squared to the number of samples (N2) and has to be stored in the 
memory and also require O(N3) operations due to the inversion, this limits the direct 
application of the equations to a few thousand samples (N) which is a significant 
drawback with this method. Further derivation of the expression in Eq (1) will result in an 
expression depending on the kernel function and a few constants, details on the 
mathematics of this model can be found in [32].  

The implementation of the GPR or ANN is practically addressed with a software 
library such as the MATLAB framework [35] or for ANN the open source alternative 
Theano [36].  
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For establishing a regression model a set of data containing both regressor input and 
the regressor outputs has to be provided. For a simple regression problem using i.e the 
equation of the linear line with two constants, the constants can be easily calculated for a 
given set of data. However, with a model containing a set of functions or several 
constants such as the ANN or GPR obtaining the model constants is more complicated 
since several combinations of the constants might result in a good performance of the 
model. Therefore the optimization of the adjustable constants of the GPR and ANN is 
termed supervised training. The supervised training is performed by providing a fraction 
of image-regressor input (extracted features) and regressor output (process data) to obtain 
the adjustable constants within the model and to validate its performance. The 
performance of the model is optimized by adjusting the constants until the model return 
as small error as possible for the training set of data supplied. The mathematical details 
for the training of ANN can be found in [34], and for the training of GPR in [32]. From 
the practical point of view, the training process of the ANN has shown superior 
performance to use larger datasets together with large networks since the training data can 
be stored on the hard drive and used batch-wise, the trained model does not demand 
especially large space since it only contains a few constants per neutron. The GPR on the 
other hand, requires the availability of all training data simultaneous for building the 
covariance matrix and therefore stores it in the computer memory, in this work it was 
noticed that the practical limit was around ~3000 samples for an ordinary desktop 
computer.  

The mentioned algorithms are often used in artificial intelligence (AI) and machine 
learning applications since their ability to mimic complex human tasks and also since the 
architecture of the neutral network is inspired by the human brain. In example, the ANN 
has been successfully used for recognizing hand-written digits, speech and cancer cell 
recognition [34]. Overall from the overview of cameras in combustion and gasification 
technology, it can be concluded that the current trend in camera relevant research is to 
apply these AI techniques to efficiently detect abnormal behavior of the flames and 
process parameters. 
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2.2 Emission and absorption measurements for monitoring of the 
gasification process 

Addressing the aim (ii), evaluate the potential of replacing the camera with a two-
color pyrometry system and (iii) the potential of tunable diode laser spectroscopy for 
process monitoring in gasification, an overview of published literature was done. 

The idea behind replacing the simple camera in the gasifier with a two-color 
pyrometer is to maintain the vision of an ordinary camera and simultaneous acquire 
quantitative information such as temperature and soot concentration. Two-color 
pyrometry is a well-established method introduced by Hottel et. al in 1932 [37]. The first 
pyrometer was based on a colored glass filter and required the operator to compare the 
brightness of a light bulb filament relative the flame luminosity. Today the same 
instrument can be automated with cheap cameras together with tabulated black body 
intensities for different temperatures. Several pyrometry concepts can be found in 
literature, the simplest is to use a color camera directly as a pyrometer since it acquires 
images at 2 or 3 different wavelength regions. There are both color cameras with 
dedicated sensors for each color and with a single sensor, the single sensor camera often 
uses a Bayer array. The Bayer array is a color filter which is pixel-wise arranged allowing 
a spatially distributed part of the sensor to measure in each color, and the final picture is 
obtained through interpolation. This camera design is often used in cheap color cameras 
and can result in poor image quality. The drawback with color camera, in general, is that 
the color-filter used are often very broad, this implies that molecular emissions can 
influence the results and that the equations used for evaluation might require integration. 
To avoid this problem two cameras with filters can be used, the cameras can be mounted 
with a beam splitter so the camera acquires the same picture [38], or in stereo mode [39]. 
The camera-based pyrometry technique has been applied to internal combustion engines 
[39] as well as coal combustion [24,40] and gas combustion [41]. The technique can also 
be used to measure the temperature of particles [42–45] and has proven industrial 
relevance when applied in 175 MW coal power plant [24]. 

Since the introduction of the semiconductor-based laser in 1962 [46] the 
development of laser diodes has progressed rapidly due commercial applications such as 
telecommunication. For TDLAS, most interesting is the development of distributed 
feedback lasers which is used in this application. This type of laser diode allows the 
wavelength to be tuned within a small wavelength range allowing an absorption spectrum 
to be recorded with high resolution very fast. The possibility to record a high resolution 
spectra together with the development of the high-resolution transmission molecular 
absorption database (HITRAN) [47] and the high-temperature molecular spectroscopic 
database (HITEMP) [48] allow calibration free determination of many species present in 
combustion from measured absorption spectrums [49–51]. 
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Because of the development of the molecular databases and the advances in laser 
diode development, the TDLAS technique has become a popular tool for in situ 
measurements [52] and has been found to be suitable for the diagnostics of the 
gasification process. By measuring the transmission of a laser beam through the 
gasification reactor the loss of light intensity is a result of particle absorption/scattering 
and molecular absorption. Within the Rayleigh regime (𝜆𝜆 ≫ 2𝜋𝜋𝜋𝜋) where r is the radius of 
the particles and 𝜆𝜆 is the laser wavelength, it is common practice to neglect the effect of 
scattering. With the assumption that particle absorption is caused by soot it is possible to 
determine the soot concentration from the measured broadband absorption. Furthermore, 
by tuning the laser-wavelength across the molecular transitions, the species 
concentration(s) and/or the temperature can be determined from the obtained absorption 
spectra. This technique has successfully been applied to gasification [11,12,14,53,54], 
combustion [15,16,51,52,55] and IC engines [56].  
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2.3 Equations of two color pyrometry and TDLAS techniques 
The spectral energy distribution of soot emission in flames can be calculated with 

Planck’s law of radiation  

𝐼𝐼𝑏𝑏𝑏𝑏(𝑇𝑇) =
2ℎ𝑐𝑐2

𝜆𝜆5
1

𝑒𝑒
ℎ𝑐𝑐
𝑏𝑏𝑇𝑇𝑘𝑘𝑏𝑏 − 1

, (2) 

where 𝐼𝐼𝑏𝑏𝑏𝑏 is the spectrally emitted radiation from a black body as a function of 
temperature T and wavelength 𝜆𝜆, c is the speed of light, h is Planck’s constant and 𝑘𝑘𝑏𝑏 is 
the Boltzmann constant. For non-black body objects such as flames, the spectral radiation 
is given by 

𝐼𝐼𝑏𝑏(𝑇𝑇) = 𝜀𝜀𝑏𝑏𝐼𝐼𝑏𝑏𝑏𝑏(𝑇𝑇), (3) 

where ελ is the emissivity at a specific wavelength. The emissivity can be defined with 
Kirchhoff’s law in terms of absorbance as 

𝜀𝜀𝑏𝑏 = 1 − 𝜏𝜏𝑏𝑏 = 1 − 𝑒𝑒−𝐾𝐾𝑒𝑒𝑒𝑒𝑙𝑙, (4) 

where τλ is the transmission of light, Keλ is the extinction coefficient and l is the path 
length. Following the approach suggested by Hottel and Broughton [37], the wavelength 
dependence of the extinction coefficient can be expressed as   

𝐾𝐾𝑒𝑒𝑏𝑏 =
𝑘𝑘
𝜆𝜆𝛼𝛼

 , (5) 

where k is the wavelength-independent extinction coefficient and α is an empirical 
constant termed dispersion coefficient. This coefficient is determined by measuring the 
extinction at several wavelengths and is the derivative of extinction as a function of 
wavelength. Several values for α can be found in literature, in a range of 0.66 and 1.43 
[57], depending on the fuel and flame type. There are also other emissivity models which 
can be used such as the ratio of the wavelength (𝜆𝜆1/𝜆𝜆2  = 𝜀𝜀) which is valid for translucent 
flames [58] and for ratio pyrometry (𝜀𝜀1/𝜀𝜀2  = 1) is commonly assumed. The dispersion 
coefficient is introduced to account for the deviation from the inverse wavelength relation 
expected in the Rayleigh limit. By combining Eqs (2-5), the following expression is 
obtained  

𝑘𝑘𝑘𝑘 = −𝜆𝜆𝛼𝛼 𝑘𝑘𝑙𝑙�1 −
𝑒𝑒
𝐶𝐶1
𝑏𝑏𝑇𝑇 − 1

𝑒𝑒
𝐶𝐶1
𝑏𝑏𝑇𝑇𝑎𝑎 − 1

�, (6) 

where Ta describes the object’s apparent temperature and is determined by calibration and 
C1 is the constant,  ℎ𝑐𝑐

𝑘𝑘𝑏𝑏
. Assuming kl to be constant for two different wavelengths leads to 

the expression 
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�1 −
𝑒𝑒
𝐶𝐶1
𝑏𝑏1𝑇𝑇 − 1

𝑒𝑒
𝐶𝐶1

𝑏𝑏1𝑇𝑇𝑎𝑎1 − 1
�

𝑏𝑏1𝛼𝛼

= �1−
𝑒𝑒
𝐶𝐶1
𝑏𝑏2𝑇𝑇 − 1

𝑒𝑒
𝐶𝐶1

𝑏𝑏2𝑇𝑇𝑎𝑎2 − 1
�

𝑏𝑏2𝛼𝛼

. (7) 

Assuming a known α, the temperature T can be iteratively determined with Eq (7), and 
consequently the soot extinction from Eq (6).  The extinction coefficient can then be 
converted to soot volume fraction fv using the relation 

𝑓𝑓𝑣𝑣 =
𝐾𝐾𝑒𝑒𝑏𝑏𝜆𝜆

𝐸𝐸(𝑚𝑚)6𝜋𝜋
 , (8) 

given in [59], where E(m, λ) is the soot absorption function and based on m the complex 
refractive index of soot. The refractive index of soot has been studied for more than 50 
years, this has resulted in a wide range of refractive indices which can be found in 
literature, to illustrate the variation, Figure 2 display E(m) from [60–63]. The variations in 
measured refractive indices are mainly caused by differences in flame types, fuels, flame 
conditions, distance from burner and measurement methods used in these works.  

 
Figure 2. The absorption function E(m) based on some of the available refractive indices 
in literature 

The variation in E(m), introduce and uncertainty in the quantification of the extinction 
coefficient to soot concentration with ~20%. For the pyrometer, the soot properties are 
used twice, first in terms of α in Eq (5), and then E(m) is used in Eq (8), this has to be 
considered in combination for determining the uncertainty. 
 

Soot concentrations can also be measured laser extinction (LE). By directing a laser 
beam through the flame and measuring its transmission, one can determine the extinction 
coefficient directly with Eq (4), and consequently the soot concentration with Eq (8). 
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If no soot is present in the flame and the laser intensity is reduced due to molecular 
absorption the transmittance of the laser beam can be defined according to the Beer-
Lamberts law as  

𝜏𝜏𝑏𝑏 = 𝑒𝑒−𝑘𝑘𝑚𝑚𝑙𝑙 , (9) 

where, 𝑘𝑘𝑚𝑚 is the absorption coefficient which depends on wavenumber 𝑣𝑣, temperature, 
pressure, and concentration such as 𝑘𝑘𝑚𝑚(𝑣𝑣,𝑇𝑇,𝑃𝑃, 𝑥𝑥). Here the molecular extinction 
coefficient can be calculated with 

𝑘𝑘𝑚𝑚(𝑣𝑣,𝑇𝑇,𝑃𝑃, 𝑥𝑥) = 𝑥𝑥𝑃𝑃�𝑆𝑆𝑗𝑗(𝑇𝑇)∅𝑗𝑗(𝑣𝑣,𝑇𝑇,𝑃𝑃, 𝑥𝑥)
𝑗𝑗

, (10) 

where 𝑆𝑆𝑗𝑗 is the line strength which can be obtained from the HITRAN [47] or HITEMP 
[48] database, and ∅𝑗𝑗is the spectral line shape function. The line shape function describes 
the broadening of the absorption line. The line broadening is mainly caused by the 
collisional and thermal broadening. The shape of the collisional broadening has a 
Lorentzian shape describe by 

𝑓𝑓𝐿𝐿(𝑣𝑣, 𝑣𝑣𝑖𝑖 ,𝑇𝑇,𝑃𝑃) =
1
𝜋𝜋

𝛾𝛾(𝑝𝑝,𝑇𝑇)

𝛾𝛾(𝑝𝑝,𝑇𝑇)2 + �𝑣𝑣 − 𝑣𝑣𝑖𝑖 + 𝛿𝛿�𝑝𝑝𝑟𝑟𝑒𝑒𝑟𝑟�𝑝𝑝�
2 , (11) 

where 𝛾𝛾(𝑝𝑝,𝑇𝑇) is the Lorentzian half width at half maximum of the shape and  𝛿𝛿�𝑝𝑝𝑟𝑟𝑒𝑒𝑟𝑟� is 
the pressure shift at a reference pressure of the absorption feature, and p is the actual 
pressure. The 𝛿𝛿�𝑝𝑝𝑟𝑟𝑒𝑒𝑟𝑟� is found in the molecular database, and 𝛾𝛾(𝑝𝑝,𝑇𝑇) is calculated from 
self-collision, and air collision by 

𝛾𝛾(𝑝𝑝,𝑇𝑇) = �
𝑇𝑇
𝑇𝑇𝑟𝑟𝑒𝑒𝑟𝑟

� �𝛾𝛾𝑎𝑎𝑖𝑖𝑟𝑟�𝑝𝑝𝑟𝑟𝑒𝑒𝑟𝑟 ,𝑇𝑇𝑟𝑟𝑒𝑒𝑟𝑟��𝑃𝑃 − 𝑃𝑃𝑠𝑠𝑒𝑒𝑙𝑙𝑟𝑟� − 𝛾𝛾𝑠𝑠𝑒𝑒𝑙𝑙𝑟𝑟�𝑝𝑝𝑟𝑟𝑒𝑒𝑟𝑟 ,𝑇𝑇𝑟𝑟𝑒𝑒𝑟𝑟�𝑃𝑃𝑠𝑠𝑒𝑒𝑙𝑙𝑟𝑟�, (12) 

where self-collision and air collision data is found in the molecular database. The 
collisional broadening is often termed pressure broadening since its dependence on 
pressure. The thermal broadening of the spectral line is described by a Gaussian shape 

𝑓𝑓𝐺𝐺(𝑣𝑣, 𝑣𝑣𝑖𝑖 ,𝑇𝑇) = �(
ln(2)
𝜋𝜋𝛼𝛼𝐷𝐷2

) exp�
−�𝑣𝑣 − 𝑣𝑣𝑖𝑖 + 𝛿𝛿�𝑝𝑝𝑟𝑟𝑒𝑒𝑟𝑟�𝑝𝑝�

2 𝑘𝑘𝑙𝑙(2)
𝛼𝛼𝐷𝐷2

�, (13) 
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where 𝛼𝛼𝐷𝐷2 = �2𝑅𝑅𝑇𝑇𝑙𝑙𝑛𝑛(2)
𝑀𝑀𝑐𝑐2

𝑣𝑣𝑖𝑖 is the half width at half maximum of the Gaussian shape. With 

the properties of the natural, collisional and the thermal broadening, the convolution of 
these effects is approximated with a Voigt function described as 

𝑉𝑉(𝑣𝑣, 𝛾𝛾,𝛼𝛼𝐷𝐷) = � 𝑓𝑓𝐿𝐿𝑓𝑓𝐺𝐺𝑑𝑑𝑣𝑣𝑖𝑖

∞

−∞

. (14) 

This integral has no analytical solution, therefore an approximation or numerical method 
has to be used. The equations (9-14) together with database values for the molecular 
transitions are the key equations for calculating a transmission or absorption spectra.    

In the HITRAN the spectral properties of 49 molecules can be found for low 
temperature conditions and in HITEMP database, data for 5 molecules is provided.  The 
database contains a list of molecular data sufficient for simulation of the transmission 
spectra. However, as the data are tabulated at 296 K and the line position at vacuum, for 
high temperature applications the spectral features have to be corrected for temperature 
and pressure, this procedure is described within the database documentation [64]. With 
the corrected spectral features, the complete spectra can be built up by summarizing the 
spectral contribution from each feature. The simulated spectra can thereafter be compared 
with experimental spectra.  

However, the spectra are often recorded as a function of time since the tuning is 
controlled with a current-time signal, to convert the time scale to wavenumber ones 
require a calibration. The calibration is performed using a Fabry–Pérot interferometer, 
when the laser beam passes through the interferometer, fringes of productive and 
destructive interference is created. The separation between the constructive interference is 
dependent of wavelength and can be described as   

∆𝜆𝜆 ≈
𝜆𝜆2

2𝑙𝑙𝑛𝑛
 , (15) 

where n is the refractive index of the material or gas and L the length of the cell. From Eq 
(15), it can be seen that a known point (𝜆𝜆2) is required for evaluation of the frequency 
scale. The fixed point can be determined from a coincident peak between a simulated 
spectrum and an experimental measured spectrum obtained at well-known conditions.  

To determine the concentration from the experimentally measured spectra a program 
which fits a simulated spectrum as function of temperature and concentration to the 
experimental obtained ones was made. In this work, the program was established using 
the MATLAB framework using the least square nonlinear solver.   
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With the same equations for calculating the absorption spectrum based on molecular 
absorption, the emission spectrum can consequently be calculated. With the emissivity of 
a gas described as 

𝜀𝜀(𝑣𝑣,𝑇𝑇,𝑃𝑃, 𝑥𝑥, 𝑛𝑛) =
𝐼𝐼𝑔𝑔𝑎𝑎𝑠𝑠(𝑣𝑣0,𝑇𝑇,𝑃𝑃, 𝑥𝑥, 𝑛𝑛)

𝐼𝐼𝐵𝐵𝐵𝐵(𝑣𝑣,𝑇𝑇) , (16) 

where 𝐼𝐼𝐵𝐵𝐵𝐵(𝑣𝑣,𝑇𝑇) is calculated with Plank’s law, Eq (2), using Kirchhoff’s law Eq (4) the 
emissivity can be described in terms of absorbance resulting in 

𝐼𝐼𝑔𝑔𝑎𝑎𝑠𝑠(𝑉𝑉0,𝑇𝑇,𝑃𝑃, 𝑥𝑥, 𝑛𝑛) = 𝐼𝐼𝐵𝐵𝐵𝐵(𝑣𝑣,𝑇𝑇)(1 − 𝑒𝑒−𝑘𝑘𝑚𝑚𝑙𝑙), (17) 

where 𝑘𝑘𝑚𝑚 is calculated using the described above procedure. With equation (17) it is 
possible to evaluate the presence of the molecular or atomic emission in the regions of the 
wavelengths used by the pyrometer. Eq (17) also shows that molecular or atomic 
emission depends on temperature and pressure. 
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3. Experimental setups 

3.1 Flat flame burner 
Flat flame burners such as the McKenna burner run on gaseous fuels and are 

extensively used for calibration and verification of diagnostic equipment. Flat flame 
burners produce premixed flames and can be used for measuring flame velocity [2], gas-
species and temperature. These burners can be found in various designs with the common 
factor that the flame is stabilized on a flat porous or perforated surface. The most 
common flat flame burner in literature is the Holthuis and Associates [65] manufactured 
McKenna burner which consists of a 6 cm diameter burner surface surrounded with an 
inlet for shroud gas, to protect the flame from ambient air intrusion. The burner surface is 
internally water cooled and built from either bronze or stainless steel porous metal. The 
burners can be ordered in several configurations, the one used in this work was based on a 
design with a central opening. See Figure 3 for a photo of the McKenna burner used in 
this thesis.  

 
Figure 3. A fuel-rich C2H4-Air flame fired above the McKenna burner. The steel plug 

above the burner is used to stabilize the flame from buoyancy effects. 

For flames without soot and with a known flow and equivalence ratio of the 
combustible mixture the flame velocity, gas-species and temperature can be calculated 
with the PREMIX subroutine from the CHEMKIN II package [66] and a well-established 
chemical mechanism such as GRI-MECH 3.0 [67]. However, since CHEMKIN does not 
include radiation losses the calculated temperature can be over-predicted, for soot-free 
flames the radiative cooling is caused by molecular radiation and is small and can often 
be neglected, however for sooty flames the radiation can cool the flame with a rate of ~40 
K/mm [38]. The radiation losses together with uncertainties in the chemical mechanism 
and the burner flow field are the main sources of disagreement between detailed flame 
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calculations and measurements. However, one way to use soot-free flat flames for 
temperature calibration is to increase the flow velocity until the burning velocity limits 
further increase or is equal to the used flow. At such conditions, the heat transfer to the 
burner should be minimal and the flame temperature close to the adiabatic one. If this is 
not the case, only the equivalence ratio can be the cause. To use CHEMKIN calculated 
temperatures for sooty flat flames as calibration can result in large uncertainties, therefore 
it is better to use a reference technique such as TDLAS or use transient thermocouple 
measurements [38].    
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3.2 Gasification reactor 
Figure 4 shows a description of the entrained flow gasifier facility used in this thesis 

together with a photograph of the gasifier. The entrained flow gasifier is ~4 m tall and has 
a cylindrical shape with a diameter of ~1 m. The gasifier has an outer shell of steel and is 
internally lined with refractory giving the reactor core an internal diameter of 0.5 m. The 
fuel is fed in a co-flow of air through a steel pipe from a hopper with a screw- based 
feeder located 5 m away from the gasifier. The fuel used in the experiments was milled 
stem wood of pine, for which the proximate and ultimate analysis is shown elsewhere 
[11]. When the fuel enters the burner which is located centrally on the top of the reactor, 
the powder-air mixture goes through the central fuel passage in the burner and directly 
into the gasifier. The oxidizer is provided through annular holes placed on the tip of the 
burner. Inside the reactor, thermocouples are installed in the ceramic lining and in the 
center of the reactor core inside 8 mm Al2O3 tubes, the thermocouples are distributed 
along the reactor. The gasifier is constructed for experiments with optical techniques, It, 
therefore, has optical access points on 4 different heights of the reactor and two angled 
optical ports through the top. After the reactor the gas is sent through a 90-degree bend to 
a boiler where the gaseous products are burned.  
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Figure 4. Schematics of the entrained flow gasifier facility at RISE ETC in Piteå together 
with photographs of the gasifier and the fuel hopper. 

During operation of the gasifier, the process monitoring has been done with the installed 
thermocouples and a µGC (Varian, 490-GC).   
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3.3 Experimental systems 
 In the above mentioned experimental setups, it is possible to measure both the 
emission and absorption through the reactor or the flat flame, but at the top of the gasifier, 
only the flame emission can be measured due to the single way access. Large-scale and 
complex geometries of industrial boilers do not always allow absorption measurements 
through the boiler, however, very often the boiler has accessible openings where cameras 
or camera-based methods can be applied and therefore has an important industrial 
relevance. To characterize flame emission and absorption, the experimental systems used 
in present thesis is an ordinary CCD camera, a two-color pyrometer and a tunable diode 
laser system.  

The charge coupled device (CCD) camera (Allied vision, GT 1910) contains a CCD 
sensor from Kodiak (KAI-02150). The CCD sensor is fabricated from metal and silicon-
based semiconductors in a complex process, a simplified schematic of a sensor is showed 
in Figure 5. 

 
Figure 5. A CCD sensor with the cutaway-view to the left and to the right schematics of 
the process of converting intensity to a digital signal.   

When the light (photons) meets the sensor plane an electron-hole is created by the photo-
electric effect within each pixel. The electrons are collected within a potential well in the 
sensor, and the collected electrons are proportional to the incoming light. The potential of 
the well collected during the sample time is read out row-wise, and then converted to 
voltage and thereafter amplified and digitalized. A major difference with the CCD sensor 
compared to the other common sensor CMOS is that the CCD uses the same electron to 
voltage converter for all pixels. The uses of the same electron to voltage converter restrict 
the framerate of the sensor but results in a very spatially homogenous response. The CCD 
sensor is sensitive to a broad range of light from UV to near IR and the response relative 
the wavelength is determined by the sensors quantum efficiency. The CCD sensor was 
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invented ~1969 in the bell laboratories in the USA, this invention has caused a 
huge breakthrough in science and every-day life and can be found in many camera 
applications such as telescopes, video cameras, x-rays, satellites etc [68] and the Mars 
rover pancam [69]. The inventors of the CCD sensor, Willard S. Boyle and George E. 
Smith were awarded half of the Nobel Prize in 2009 for the invention of the CCD sensor.      

In this thesis images from the CCD camera were transferred to a computer using the 
GigE vision interface and a twisted pair of cable. A program written in MATLAB was 
used for controlling the sampling and the camera parameters. Within the program, the 
images were collected as matrixes, where the intensity in each pixel is linearly discretized 
to a value between 1-255 (8-bit). The camera was used together with a camera lens with 
the focal length of 75 mm.       

In the pyrometer measurement (the pyrometer was built and tested in the frame of 
this work), the incoming the incoming radiation from the flame was first directed through 
a beam splitter (dichroic mirror, Thorlabs, DMLP567R) mounted at an angle of 45° 
relative to the incoming radiation. Light with a wavelength shorter than 567 nm was 
reflected, whereas longer wavelengths were transmitted. The beams then passed 
narrowband (10 nm) optical bandpass filters with center wavelengths of 500 and 600 nm 
(Thorlabs, FB500-10, FB600-10). The 500 nm filter was chosen to match the maximum 
quantum efficiency of the camera sensor. Also, by using two filters instead of a color 
camera, the temperature measurement sensitivity is increased [70]. With future 
measurements in gasifiers in mind, the visible wavelengths of the filters also help to 
minimize the influence of the background light from hot reactor walls [24,57] and fuel 
particles [71]. After the filters, each beam passed through a lens (Fujifilm, HF50HA-1) 
focusing the image on the CCD sensor of the camera (Basler, acA780-75 gm), see Figure 
6 for a schematic drawing of the system.  

 

Figure 6. A schematic of the two color pyrometer setup 
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For simultaneous sampling, the CCD sensors were externally triggered with a signal 
generator (Aim-TTi, TG330). The cameras were used in 8-bit mode, which implied that 
the measured intensity range was linearly discretized to a certain gray value between 0 
and 255 for every pixel in the image. The images were acquired with a PC using a 
program written in MATLAB.  

The system was calibrated in the temperature interval 1173 K to 1773 K with 
increments of 50 K employing a black body furnace (Dias, PYROTHERM CS 1500). The 
black body furnace was also used to investigate the linearity of the CCD sensor by 
changing the exposure time. The homogeneity of the sensor was investigated by repeating 
this procedure on different locations on the sensor. A significant deviation from linear or 
homogenous behavior was not found. The camera dark noise was estimated to be between 
0-1 grey values. Temperature and soot concentration was determined from the measured 
data as described in Section 2.3. 

Data sampling and modulation of the intensity and wavelengths of laser diodes in the 
TDLAS experiments were simultaneously performed using a data acquisition card from 
National Instruments (NI-6356). The acquisition card is capable of sampling 8 analog In 
channels simultaneous at 1.25 MHz and has also 2 analog Out channels which can send 
out signals at 3.3 MHz. A program was written using the LabVIEW framework to send 
out two arbitrary shaped modulations signals generated from a set of points describing 
their shape. Each of the two modulation signals was given the shape of a triangle, the 
signals were phase changed 180⁰ in order to not overlap each other. The modulation 
signal strength between the two triangles was below the light generating threshold of the 
laser diodes. In-between the modulations signal in the absence of laser light on the 
detector the background signal originating from the flame and the environment can be 
sampled and subtracted from the spectra.  

The TDLAS system also included a laser diode at ~2298 nm (Sacher Lasertechnik), 
a controller unit (PILOT PC-500) and external diode mount. The TDLAS system was 
developed to measure CO, H2O and soot at high temperature. This system was applied in 
both flat flames and gasification, the results are found in paper C and D. Additionally in 
Paper D another TDLAS system was used for measuring temperature and H2O at near 
~1398 nm, and atomic K near ~770 nm, this system is described elsewhere [51]. 
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4 Summary of results 

4.1 Paper A 
Comparison of measurement techniques for temperature and soot concentration was 

performed in premixed, fuel-rich C2H4-O2-N2 flames. The compared techniques comprise 
an in-house developed two-color pyrometer, TDLAS thermometry, laser extinction (LE), 
thermocouples and electrical low-pressure impactor (ELPI). The comparison was 
performed in C2H4-O2-N2 Flames where O2/(N2+ O2) was varied between 21-50% and the 
equivalence ratio between 2 and 3, the total flow of the gas mixture was kept at 10 l/min 
during the experiments.    

The results showed that two color pyrometer temperatures agreed well to the 
temperature measured with the TDLAS in mature soot regions of the flame, for the region 
close to the burner with nascent soot, the pyrometer measured temperature were ~300 K 
higher due to the optical properties of soot controlled by the dispersion coefficient (α). 
The thermocouple measured temperatures within 150 K compared to the TDLAS sensor 
for the investigated flames at 10 mm above the burner. The soot concentration was 
measured to similar values with the pyrometer and the TDLAS sensor, however, the 
optical properties of soot influenced the pyrometer results close to the burner, but since 
the low concentration of soot close to the burner, the discrepancy can be considered 
irrelevant. The impactor measurements showed the same trend as the two color pyrometer 
and the LE, however as several uncertainties as soot density and electrical noise influence 
the accuracy, we consider the measured concentrations with the ELPI as good.  
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4.2 Paper B 
In this work, a soft sensor for prediction of major gas species (H2, CO, CO2 and 

CH4) and equivalence ratio was developed. In the development process of this sensor, two 
simple image preprocessing routines were tested: reduction to statistical moments and 
spatial binning. Image features obtained by using these two image decomposing methods 
were then used as inputs for two regression algorithms: Gaussian Process Regression and 
Artificial Neural Networks. The methods were evaluated in two environments, first in a 
flat-flame burner and thereafter in a pilot-scale entrained flow biomass gasifier. For the 
flat flame burner, the predicted equivalence ratios and the major gas species showed root 
mean squared errors (RMSE) on the order of the uncertainty of the experimental 
measurements. For the gasifier, the RMSE was approximately three times higher than the 
experimental uncertainty – however, the main driver of the error was the quantization of 
training dataset.  
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4.3 Paper C 
A tunable diode laser absorption spectroscopy (TDLAS) sensor near 4350 cm−1 

(2298 nm) for measurements of CO and H2O mole fractions and soot volume fraction 
under gasification conditions was developed. The sensor uses the molecular transitions 
[CO (υ″ = 0→υ′ = 2) R34–R36 and H2O at 4349.337 cm−1] which has a very weak 
sensitivity to the temperature in the range (1000 K < T < 1900 K) which covers the 
temperature range in gasification. The insensitivity to temperature (i) allows the spectra to 
be calculated based on thermocouple based temperature or even a guessed one and (ii) the 
sensor is insensitive to temperature distributions within the reactor. The performance of 
the sensor was verified in flat flames. The measured CO and H2O concentrations in the 
flat flames agreed to within 10 % to the results of 1-D flame simulations. The sensor was 
thereafter applied to a 0.1 MW atmospheric pilot-scale entrained-flow gasifier. The 
reactor core column density CO mole fractions were in quantitative agreement with the 
µGC measured CO concentrations sampled at the gasifier output. In addition to the gas 
concentrations, soot concentration was determined from the broadband transmittance 
measured in-between the molecular absorption lines.  
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4.4 Paper D 
Tunable diode laser absorption spectroscopy (TDLAS) was used to measure CO, 

H2O, K(g), soot concentration and temperature at two different locations inside the 
reactor of an atmospheric, air-blown 0.1 MWth biomass gasifier. Direct TDLAS at 2298 
nm was employed for CO and H2O, calibration-free scanned wavelength modulation 
spectroscopy at 1398 nm for H2O and gas temperature, and direct TDLAS at 770 nm for 
gaseous elemental potassium, K(g). Soot volume fractions were determined at all TDLAS 
wavelengths, and employing fixed-wavelength laser extinction at 639 nm. All the sensors 
were simultaneously used during a 2-day measurement campaign, were peat and stem 
wood powder were first combusted at an air equivalence ratio (lambda) of 1.2 and then 
gasified at lambdas of 0.7, 0.6, 0.5, 0.4 and 0.35.  

This work report the first in situ measurements of K(g) and temperature in a reactor 
core and in biomass gasification, respectively. The Issues concerning the determination of 
the actual optical path length, as well as temperature and species non-uniformities along 
the line-of-sight was addressed. The results showed that TDLAS derived temperatures in 
the reactor core were significantly higher than uncorrected thermocouple measurements 
in the gas stream. The CO concentrations at the lower optical access port were 
comparable to those obtained by gas chromatography at the exhaust. In gasification 
mode, similar H2O values were obtained by the two different TDLAS sensors. The 
measured K(g) concentrations were compared to equilibrium calculations. Overall, the 
reaction time was found to be faster for peat than for stem wood. All sensors showed 
good performance even in the presence of high soot concentrations, and real-time 
detection was useful in resolving fast, transient behaviors, such as changes in 
stoichiometry.  
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4.5 Discussion and conclusion 
From the comparison of measurement techniques in paper A it was found that the 

optical properties could influence the results significantly of both two-color-pyrometer 
and the LE. For the two-color pyrometer the optical properties of soot affects the 
temperature and soot concentration with α value, and thereafter the soot concentration 
with the E(m) function which also affects the LE. However, even with the assumption of 
known optical properties of soot, the optical techniques measure similar values as the 
conventional instruments. The small difference in results between the conventional and 
optical techniques suggests that the conventional instruments might be successfully 
replaced with optical non-intrusive techniques in the near future. The paper A clearly 
addresses the aim (ii) and demonstrate that the two color pyrometer could replace the 
ordinary camera and provide additional quantitative information as the conventional 
instruments within a sooty environment.  

By using a standard CCD camera as in paper B it was shown that the equivalence 
ratio and the gas composition for syngas produced with both flat flames and a gasifier 
could be predicted using image processing and regression. The accuracy of the prediction 
was found limited by the training data, were the accuracy for the flat flames were limited 
by the mass flow controllers, and for the gasifier the limitation was the accuracy of the 
GC measurements. The equivalence ratio was found more complex to predict than the gas 
composition, and was predicted with lower accuracy. This system could be useful for 
monitoring the gas quality in-between the long evaluation time of the GC and for 
monitoring the equivalence ratio for which there exists no instrument for. It was also 
concluded that image-features together with ANN were more appropriate to use than 
GPR or binning. This conclusion can be based on the poor results using binning, and 
since the GPR was found restricted to relatively small datasets, the GPR otherwise 
showed very good accuracy. The paper B clearly addresses aim (i) and demonstrate that 
the camera together with image processing and regression could be used for detecting 
abnormal behavior of the process and potentially be used for providing gas-information 
in-between the measurements and/or information about the process which there exist no 
dedicated instrument for.   

In paper C and D, TDLAS measurements were employed in flat flames and in an 
entrained flow gasifier for which the sensors demonstrated good performance in both 
environments. Traditionally the gas is measured with FTIR and GC, the FTIR is used to 
measure the absorbing molecules on wet basis and uses a heated hose to maintain H2O in 
gas phase, however, this method is sensitive to water accumulation in the hose and 
therefore prone to errors. The GC is a good instrument for characterizing the syngas since 
it can measure the important species for gasification, however, the GC measures the gases 
on dry basis and the sample rate is very low, one sample every 4 minutes. Relative the 
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traditional instruments, TDLAS can measure wet gas without heated hose or probe and 
significantly faster than both of the instruments. Paper C and D address the aim (iii), and 
show that monitoring the process with TDLAS has several benefits over conventional 
instruments, such as the fast response.  
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Comparison of Measurement Techniques for Temperature and Soot
Concentration in Premixed, Small-Scale Burner Flames
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SE-901 87 Umea,̊ Sweden

ABSTRACT: Optical and intrusive measurement techniques for temperature and soot concentration in hot reacting flows were
tested on a small-scale burner in fuel-rich, oxygen-enriched atmospheric flat flames produced to simulate the environment inside
an entrained flow reactor. The optical techniques comprised two-color pyrometry (2C-PYR), laser extinction (LE), and tunable
diode laser absorption spectroscopy (TDLAS), and the intrusive methods included fine-wire thermocouple thermometry (TC)
and electrical low pressure impactor (ELPI) particle analysis. Vertical profiles of temperature and soot concentration were
recorded in flames with different equivalence and O2/N2 ratios. The 2C-PYR and LE data were derived assuming mature
soot. Gas temperatures up to 2200 K and soot concentrations up to 3 ppmv were measured. Close to the burner surface,
the temperatures obtained with the pyrometer were up to 300 K higher than those measured by TDLAS. Further away from
the burner, the difference was within 100 K. The TC-derived temperatures were within 100 K from the TDLAS results for most
of the flames. At high signal-to-noise ratio and in flame regions with mature soot, the temperatures measured by 2C-PYR and
TDLAS were similar. The soot concentrations determined with 2C-PYR were close to those obtained with LE but lower than the
ELPI results. It is concluded that the three optical techniques have good potential for process control applications in combustion
and gasification processes. 2C-PYR offers simpler installation and 2D imaging, whereas TDLAS and LE provide better accuracy
and dynamic range without calibration procedures.

1. INTRODUCTION

Soot formation is an important process in combustion and gasifi-
cation applications. It contributes to particle emissions during
combustion1 and reduces process efficiency during gasification
by lowering syngas production.2 The most important parameter
controlling soot formation is the process temperature;3,4 thus,
both soot and temperature should be monitored in practical
energy systems for optimization purposes. In clean processes, the
temperature can often be successfully measured with thermo-
couple (TC)-based thermometry; however, in harsh environ-
ments with soot and ash deposits, TCs have to be frequently
cleaned or replaced. To minimize maintenance, it would be
beneficial to replace TCs with nonintrusive and more robust and
accurate sensors. Online information on the soot concentration
is usually not available in boilers or gasifiers. An important factor
in selecting a technique for process monitoring is that gas
temperature and soot concentration can be measured simulta-
neously in the same probe volume. Otherwise, it may be hard
to compare different operational conditions, since the same
volume fractions can be obtained at different temperatures and
soot densities.
A camera-based technique capable of measuring these

parameters simultaneously is two-color pyrometry (2C-PYR).
This is a well-established method for measuring flame temper-
ature and soot concentration in laboratory flames,5,6 diesel
engines,7 as well as coal8 and gas combustion.9 The technique
can also be used to measure the temperature of particles.10−13

However, 2C-PYR can only be applied to processes with a
luminous flame, i.e. in the presence of soot, since it assesses

temperature from the soot emission. A promising alternative
technique for gas temperature assessment is tunable diode laser
absorption spectroscopy (TDLAS).14−16 In TDLAS, the gas
temperature is derived from molecular spectra and is therefore
not influenced by the soot properties. This technique has been
successfully applied in laboratory and practical environments,
even at elevated pressure. For example, TDLAS-based detection
of temperature and water vapor (H2O) concentration has been
demonstrated in an HCCI engine in temperature and pressure
ranges of 300−1700 K and 1−55 bar, respectively.17 A soot
concentration measurement with TDLAS is similar to the laser
extinction (LE) method, which is normally performed using
fixed-wavelength lasers. A sensor based on TDLAS and LE will
thus permit simultaneous detection of gas temperature and soot
concentration. Soot volume fractions can also be determined
using an electrical low pressure impactor (ELPI)18 system, which
measures the soot particle number concentration in the gas.
In this work, the performance of a CCD camera-based two-

color pyrometer built in our laboratory has been compared to
TC, TDLAS, LE, and ELPI measurements. In order to evaluate
the performance of the different measurement methods, well-
controlled experiments were conducted in C2H4/O2/N2 flat
flames with different equivalence ratios andO2/N2 ratios relevant
to practical gasification conditions. The gas temperature was also
compared to 1D calculations performed using the PREMIX code
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from the CHEMKIN II package.19 The work addresses
measurement techniques potentially suitable for process
monitoring in harsh and sooty environments.

2. BASICS OF ABSORPTION AND EMISSION
A pyrometric measurement of soot concentration and temper-
ature in flames is based on Planck’s law of radiation,

λ
=

−λ λI T
hc

e
( )

2 1
1b hc Tk

2

5 / b (1)

where Ibλ is the spectrally emitted radiation from a blackbody as a
function of temperature T and wavelength λ, c is the speed of
light, h is Planck’s constant, and kb is the Boltzmann constant.
Using eq 1, it is possible to determine the temperature of a
blackbody by comparing the emitted light intensities at two
wavelengths, since their ratio is a unique function of temperature.
For nonblack body objects such as flames, the spectral radiation
is given by

ε=λ λ λI T I T( ) ( )b (2)

where ελ is the emissivity at a specific wavelength. The emissivity
can be defined in terms of absorbance using Kirchhoff’s law with
the assumption of negligible scattering to absorbance ratio as

ε τ= − = −λ λ
− λe1 1 K le (3)

where τλ is the transmission of light, Keλ is the extinction
coefficient, and l is the path length. Following the approach
suggested by Hottel and Broughton,20 the wavelength depen-
dence of the extinction coefficient, valid over a limited wavelength
range, can be expressed as

λ
=λ αK

k
e (4)

where k is the wavelength-independent extinction coefficient,
and α is an empirical constant, also referred to as the dispersion
coefficient. The dispersion coefficient is introduced to account
for the deviation from the inverse wavelength relation expected
in the Rayleigh limit (diameter ≪ λ). Combining eqs 1−4, the
following expression is obtained,
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and Ta describes the object’s apparent temper-

ature and is determined by calibration. Assuming kl to be
constant for two different wavelengths leads to the expression
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The soot temperature can be iteratively determined from eq 6,
and then the extinction coefficient can be evaluated using eq 5,
assuming that the dispersion coefficient for soot (the α value) is
known. A wide range of α values can be found in the literature.
The first measured values of this entity, 1.39 for visible and
0.95 for infrared light, were reported by Hottel and Broughton
in 1932.20 A value of 0.95 was later determined for the range
400−5000 nm,21 but values between 0.66 and 1.43 have also
been reported.22 In a recent publication, Simonsson et al. describe
soot extinction measurements in fuel-rich ethylene-air flat flames
at equivalence ratios of 2.1 and 2.3 as a function of the distance
from the burner surface.23 Between 4 and 16mmabove the burner

surface, the α coefficient decreased drastically from 4.5 to 1 for an
equivalence ratio of 2.1. An even larger reduction was observed
for higher equivalence ratios. These measurements suggest that
the wide range of reported values for αmay be a consequence of
differences in flame conditions and soot properties. The change
in α with respect to the distance above the burner can be
explained by changes in H/C ratio and soot particle size.24,25

When the optical properties of the soot become constant, the
soot is called mature; otherwise, it is referred to as nascent soot.
In this work, α was assumed to be 0.95, which is consistent

with recent studies of mature soot.5,23 In industrial applications,
the assumption of mature soot is reasonable since the time scales
in industrial devices are orders of magnitude longer than in flat
flames. Within the Rayleigh limit, the extinction coefficient can
be converted to soot volume fraction f v using the relation

23

λ
π

= λ

λ
f

K
E m( ) 6v

e

(7)

where E(m, λ) is the soot absorption function and m is the
complex index of refraction of soot.
An alternative way to determine Keλ and consequently soot

concentration from eq 7 is via a measurement of the transmission
directly (see Section 3.3). The index of refraction of soot has
been studied for more than 50 years with many different tech-
niques.26 It has been shown that the index of refraction of soot is
wavelength dependent and affected by the flame conditions, i.e.
flame type,27 distance from burner,28 and H/C ratio.29 This has
resulted in a wide range of reported values for the index of
refraction of soot, especially for visible light.26,30 To be able to
use the same source of index of refraction for all optical tech-
niques compared in this work, a polynomial expression for the
wavelength-dependent index of refraction supplied by Chang
et al. was used.31 This is one of the few studies that report the
index of refraction in both the visible and the infrared regions.
The measurements were performed in a premixed flame, and
their index of refraction agreed to within 15% with other values
reported in the literature. Using this index of refraction resulted
in E(m) values of 0.231 for 600 nm, 0.227 for 635 nm, and 0.265
for 2298 nm.

3. EXPERIMENTAL SETUP AND MEASUREMENT
TECHNIQUES
3.1. Burner System.Awater-cooled stainless steel McKenna burner

with nitrogen (N2) coflow was used to generate stable premixed
C2H4/O2/N2 flat flames. The burner had a diameter of 60 mm including
a central jet opening, 9.5 mm in diameter, and was surrounded by a
5 mm thick outer ring for the N2 coflow supply. The flow velocity of the
C2H4/O2/N2 mixture was 6 cm s−1 for all flames, and the burner coflow
velocity of N2 was 19 cm s−1. For additional protection from ambient air
entrainment, the burner was placed in the center of a 250 mm square
box, where an N2 flow was supplied with a velocity of 23 cm s−1. All gas
flow rates were controlled using calibrated thermal mass flow controllers
(Bronkhorst). The equivalence ratio and the total flow of the unburned
mixture were calculated from the measured flow rates. The maximum
uncertainty in the equivalence ratio was estimated to be±1.6% based on
the uncertainty of the mass flow controllers and using the propagation of
uncertainty equation.32 To stabilize the flame from buoyancy effects, a
15 mm thick circular stainless steel plate, 60 mm in diameter, was placed
at a distance of ∼21 mm above the burner, similar to refs 23, 33, and 34.
This flame setup is preferred for absorption and emission measure-
ments since it reduces the horizontal variation in the optical path that
would otherwise vary strongly with distance above the burner surface.
A schematic of the experimental arrangement of the different techniques
is shown in Figure 1, and the investigated flames are listed in Table 1.
Flames with three different equivalence ratios (Flames A, B, and C) were
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studied, and for each equivalence ratio, three different O2/N2 ratios of
the supplied air were investigated. Table 1 also shows the adiabatic
temperature and the expected maximum temperature for each flame,
calculated using the PREMIX code in the CHEMKIN II package.19

The adiabatic temperature was calculated with the free flames boundary
condition, and the maximum temperature was determined utilizing the
burner stabilized condition. In the flame calculations, the detailed
chemical reaction mechanism for C1−C3 oxidation provided by Qin
et al.33 was used together with corresponding thermochemistry and
transport properties. This mechanism comprises few reactions but has
good predictive power for major species, flame temperatures, and
burning velocities.34−36 The reaction scheme includes hydrocarbons
up to two benzene rings. When modeling the flames, the energy
equation was solved, to compute the temperature profiles, and the inlet
temperature was set to room temperature.
For measurements of soot and temperature profiles as a function of

distance above burner surface with the laser-based techniques, the
burner was moved vertically employing a lab-jack (Thorlabs). The
translated distance wasmeasured with an uncertainty of 0.02mm using a
digital caliper.
3.2. Two-Color Pyrometer System. In the custom-built

pyrometer, the incoming radiation from the flame was first directed
through a beam splitter (dichroic mirror, Thorlabs, DMLP567R)
mounted at 45° relative to the incoming radiation. Light with a wave-
length shorter than 567 nm was reflected, whereas longer wavelengths
were transmitted. The light then passed narrowband (10 nm) optical
bandpass filters with center wavelengths of 500 and 600 nm (Thorlabs,
FB500-10, FB600-10). The 500 nm filter was chosen to match the
maximum quantum efficiency of the camera sensor. Also, by using
two filters instead of a color camera, the sensitivity of the temperature
measurement was increased.37

After the filters, the light passed through a lens (Fujifilm, HF50HA-1)
focusing the image on theCCD sensor of the camera (Basler, acA780-75 g),
see Figure 1 for a schematic of the system. The focus of the camera lens
with a focal length of 50 mm and an f-number of 4 was in the center of
the flame. A 10 mm long extension ring was placed between the lens and
the camera to increase the resolution of the flame images and to decrease
the field of view to ∼30 mm in the vertical direction. For simultaneous
sampling, the CCD sensors were triggered electrically with a signal
generator (Aim-TTi, TG330). The camera was operated in 8-bit
mode, which meant that the measured intensity range was linearly
discretized to a certain gray value between 0 and 255 for every pixel in
the image. The images were acquired with a PC using a program written
in MATLAB.

The system was calibrated in the temperature interval 1173−1773 K
in increments of 50 K employing a blackbody calibration source (Dias,
PYROTHERM CS 1500). The blackbody calibration source was also
used to investigate the linearity of the CCD sensor by changing the
exposure time. The homogeneity of the sensor was tested by repeating
this procedure on different locations on the sensor. A significant devi-
ation from linear or homogeneous behavior was not found. The average
dark noise of the camera was measured to within 1 gray value.
The contribution of the ambient light to the detected signal was
negligible due to the low wavelengths and narrow filters used in the
experimental setup, as well as the intense radiation from the flame.
To minimize the random error, 100 frames were averaged. Exposure
time and gain were adjusted for every flame individually to maximize
the signal-to-noise ratio. Temperature and soot concentrations were
determined from the measured data as described in Section 2, assuming
a uniform distribution of temperature and soot particles along the line of
sight.

The software used to collect the images from the cameras linearly
discretize a fixed range of intensity, meaning that the pyrometer could
only measure a certain dynamic temperature range of an emitting object
without saturation or unacceptable signal-to-noise ratio. This dynamic
temperature range depends strongly on the object temperature and
emissivity; for a blackbody object (ε = 1) it is 250 K at 1600 K, and
∼85 K at 1770 K. At lower temperatures, the exposure time needed to
obtain a good signal-to-noise ratio became unreasonably high (0.5 s for
1173 K). In flames, however, the dynamic range can be larger since the
soot emissivity is smaller than unity.

The uncertainties in temperature and soot concentration measured
by the pyrometer had two primary contributions, the dark noise from
the camera and the uncertainty in α. The uncertainty in temperature was
calculated assuming a±2 gray value offset applied to the raw images and
an uncertainty in α of ±0.5, which covers a wide range of reported
α values.24

3.3. Fixed Wavelength Laser Extinction and TDLAS Sensors.
Light extinction due to soot was measured using a fixed-wavelength
diode laser emitting at 635 nm (S2011, Thorlabs) and a tunable
diode laser operating around 2298 nm (Sacher, DFB-2298-002).
The collimated beam of the 635 nm laser was split into two beams: one
was directed through the flame, and the other was used as a reference to
correct laser intensity variations. The intensities of the transmitted
beam, It, and the reference beam, Iref, can be expressed as

τ= +λI C I It bg2 0 (8)

and

=I C Iref 3 0 (9)

respectively, where I0 is the initial laser intensity of the beam, C2 and C3
are coefficients reflecting the loss of intensity resulting from other
sources than soot absorption, and Ibg is the background intensity
originating from soot emission and noise (recorded with laser beam
blocked). The transmission can then be determined according to

τ = −
−

λ
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Figure 1. Schematic drawing of the experimental arrangement.
The optical techniques are shown to the left, whereas the conventional
techniques are depicted to the right.

Table 1. Conditions of the Flames Studieda

Flame
Equivlance
ratio φ

O2 Concentration
in oxidizer [%]

Adiabatic
Temperature

[K]

Maximum
Temperature

[K]

A21 2.0 21 1906 1685
A25 2.0 25 2086 1711
A30 2.0 30 2275 1737
B25 2.5 25 1795 1656
B30 2.5 35 2081 1697
B45 2.5 45 2279 1723
C30 3.0 30 1656 1609
C40 3.0 40 1844 1637
C50 3.0 50 1984 1656

aφ is the equivalence ratio, and O2 is the concentration of the oxidizer.
The adiabatic and maximum temperatures from the 1D calculations
are also provided.
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where C4=C3/C2 was measured in a stoichiometric flame in the
absence of soot.38 The extinction coefficient was calculated using the
transmission and eq 3, and the line of sight averaged soot volume
fraction was thereafter determined from eq 7.
The intensities of the transmitted and reference beams were mea-

sured by large-area photodetectors (New Focus, 2031) with internal
amplification. The photodetector signals were sampled with a digital
oscilloscope (Melihaus, MEUM202) and processed by a PC. Experi-
ments performed in ambient air and in flames without soot demon-
strated that molecular absorption at 635 nm could be neglected.
Calculations using the HITRAN database39 confirmed that the selected
wavelength did not overlap with any strong absorption lines of major
species and OH. The absorption due to week H2O and OH transitions
present in the wavelength interval of interest was negligible, as the effect
of the molecular absorption was far below the detection limit of the
extinction measurements. The same conclusion is true for the wave-
length regions used for the 2C-PYR measurements (≈ 500−600 nm).
However, since it has been demonstrated that polyaromatic hydro-
carbons (PAHs) can absorb below 700 nm,40 we also use a 2298 nm
laser to considerably reduce this effect for one wavelength.
The LE measurements at 2298 nm were performed with a direct

absorption TDLAS sensor originally developed for quantification of CO
and H2O.

41 The well resolved spectrum measured allowed both spectral
features and broadband transmission to be determined, where the
broadband transmission can be used for determining the extinction
coefficient via eq 3. The broadband transmittance could be treated as
wavelength-independent over the small spectral region scanned by
the tunable diode laser. The soot volume fraction was then calculated
using eq 7.
A second TDLAS sensor based on calibration-free wavelength

modulation spectroscopy (CF-WMS) at 1398 nmwas used to obtain the
H2O density-weighted path-averaged temperature.42,43 This instrument
simultaneously extracts both H2O concentration and temperature from
a least-squares fit to a spectrum containing H2O absorption lines with
different temperature dependence. The repeatability of a temperature
measurement was within 10 K and the absolute accuracy was 50 K,
mostly attributed to uncertainties in the absorption line parameters.
3.4. Thermocouple Thermometry. For a laminar flame without

soot, the temperature measured with a (TC) will be constant after
thermal equilibrium between the TC and the flame has been reached.
In the presence of soot, however, deposition and accumulation of soot
particles on the thermocouple junction (where the two metal wires are
welded together) affect the measurement44,45 and lead to a continuous
decrease in measured temperature as soot accumulates. The transient
heating of the TC in a sooty flame can be described in three steps: When
the initially cold TC is inserted into the flame, the junction temperature
increases and approaches thermal equilibrium. However, at the same
time, a thin layer of soot particles starts to deposit on the wires, which
increases the emissivity of the junction and prevents it from reaching the
steady state temperature. For example, pure platinum has an emissivity
of ∼0.2, whereas soot has an emissivity of around ∼0.95. Therefore,
the radiative heat transfer increases by a factor of ∼5 as soon as the soot
starts to deposit on the thermocouple. In the last step, when the soot
deposits on the junction start to grow due to soot accumulation,
the radiative heat transfer to the surrounding will further increase.
This increase is proportional to the emitting area of the junction and is a
slower process than the change in emissivity.
A time-resolved temperature measurement from the time the

junction is inserted into the flame can be used to resolve each of these
steps and to estimate the gas temperature.46 From the measured T(t)
when the emissivity changes, an interpolation of T back to T(0) gives an
estimate of the temperature of a clean junction at thermal equilibrium in
the flame. With the temperature of a clean junction, a correction for the
radiative heat transfer can be applied and the gas temperature is
thereafter obtained. For the experiments in this work, an uncoated
S-type (Pt−Pt/10% Rh) thermocouple with 50 μm thick wires and
a junction diameter of 150 μm was used together with a Agilent
34970A data logger that sampled the temperature at 25 Hz. The TC
was rapidly inserted in the flame using a setup allowing translation
of the thermocouple over a fixed distance, which ensured the same

measurement position in all flames. The standard deviation of the
measured temperature was within 18 K for all cases.

3.5. Online Particle Sampling and ELPI. For online particle
sampling, gas was withdrawn from the flame with a probe consisting of a
3.175 mm inch tube with a 2 mm inner diameter. The probe was
positioned horizontally at a distance of 10 mm above the burner surface
between the center and the edge of the burner (Figure 1.). The end of
the probe was connected to a T-junction, with one opening leading to a
mass flow controller used to dilute the sample ∼35 times with air.
The second opening was connected to a pressure driven ejector (Dekati,
Diluter DI-1000) that withdrew the prediluted gas for further dilution
with air by a factor of ∼8, resulting in an overall dilution ratio of ∼280.
After the ejector, 10 Lmin−1 of the diluted gaswas analyzed with respect to
particle number size distribution with an ELPI18 at a sampling rate of 1 Hz.
At the same time, theCO concentration of the diluted gas was measured at
a frequency of 1 Hz with a NDIR CO detector (Maihak, Unor 620).
A schematic of the ELPI with dilution system is shown in Figure 1.

The ELPI separated particles according to their aerodynamic
diameter in 13 stages from 0.028 to 9.9 μm. The aerodynamic diameter
is the definition of how a spherical particle with a density of 1000 kg m−3

behaves aerodynamically. To be able to compare particle number
concentrations measured with ELPI to the volume fractions obtained
with 2C-PYR and LE, the data obtained with ELPI was converted to
volume fraction. For calculation of the volume fraction, it was necessary
to correct the measured diameter with the actual particle density using
the expression47

ρ
ρ

=
⎛
⎝
⎜⎜

⎞
⎠
⎟⎟d dp a

p

0

1/2

(11)

where dp is the particle diameter, da the aerodynamic diameter, ρp the
particle density, and ρ0 the aerodynamic density (1000 kg m−3).
The density of the soot can be different depending on fuel and flame
conditions. For carbonaceous particulates, densities between 1700 and
2000 kg m−3 have been reported,48 and for this work, a soot density of
1840 kgm−3 was used.49 The soot volume fraction was assessed from the
particle number concentration data measured with the ELPI, by dividing
the total volume of the particles with the volume flowing through
the impactor and correcting for dilution. This procedure was done with
the provided ELPI software. Since the ELPI measured the particle
number concentration for different particle sizes, the size distribution
for each flame could be evaluated in addition to the volume fraction.
The actual overall dilution rate was determined by comparing the
CO concentration in the flame, calculated with CHEMKIN, with the
CO concentration after the dilution system. The detailed flame
predictions were also compared to μGC (Varian 490micro gas chromato-
graph) CO measurements in gas sampled with a suction probe from the
flame. In flames with the CO concentration between 13 and 25%, the
agreement between calculated and measured CO concentrations showed
a relative difference of less than 7%.

The measurement uncertainty in particle number concentration
provided by the ELPI instrument was, unfortunately, not provided by
the manufacturer. The uncertainty due to the probe and dilution system
was assumed to be 7%, based on the uncertainty in NDIR CO
concentration. Estimation of other uncertainties affecting the measure-
ment, such as (i) the effects of the probe on the flame properties,
(ii) gradients, and (iii) actual sampling location in the flame, was out of
the scope of this work. In the data treatment, an uncertainty arises
when calculating the soot volume fraction from the soot number
concentration, because of the wide range of reported values for the soot
density. Evaluating the ELPI data taking into account the variation in
soot densities in the reported range 1700−2000 kg m−3 and the
uncertainty in dilution results in an overall uncertainty of +23% to−29%

4. RESULTS AND DISCUSSION

4.1. Two-Dimensional Temperature and Soot Distri-
butions. To illustrate the spatial distribution of flame properties
measured with the pyrometer, Figure 2 presents a photograph of
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the flame taken with a digital camera (a) and two-dimensional
false color plots of temperature (b), soot absorbance (c), and
soot concentration (d) for Flame B25. The green dashed line
in Figure 2a shows the flame region investigated with the

pyrometer. The origin of the coordinates in Figure 2(b−d)
corresponds to the center of the burner.
The flame temperature (Figure 2b) shows a one-dimensional

behavior; since the temperature changes only with distance

Figure 2. Spatial distribution of flame features for the Flame B25, (a) photograph of the flame, (b) soot temperature, (c) absorbance (KeλL) at 600 nm,
and (d) soot volume fraction.

Figure 3. Vertical temperature (a) and soot concentration (b) profiles for Flames A25, B25, and C40 as a function of height above the burner surface.
Temperature data are from wavelength modulation TDLAS (CF-WMS) and 2C-PYR, and soot concentrations are from 2C-PYR and LE at 635 and
2298 nm. The uncertainties for 2C-PYR are only presented for one profile since it is similar for all profiles. The 2C-PYR temperature and soot
uncertainty depend strongly on height and are ∼60 K and −75% to +69% respectively, at 10 mm above the burner surface. The TDLAS temperature
uncertainty is 50 K for all points. The TDLAS and LE soot concentration uncertainty is 21% for all points. The horizontal bars on the laser data represent
the estimated uncertainty in measurement height and beam size (1 mm).
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above the burner surface. The maximum measured temperature
is ∼2200 K at a distance 3−4 mm above the burner surface;
then the temperature decreases with height. The absorbance
(Figure 2c) increases with distance above the burner surface
and also exhibits a radial variation. The soot volume fraction
(Figure 2d) was obtained using eq 7 and the extinction coeffi-
cient determined from the path length dependent absorbance.
The soot concentration increases with distance above the burner
surface and also displays an inhomogeneous radial distribution,
which has been observed previously for similar flames.50

However, as shown here, despite the inhomogeneous distribu-
tion of soot, the measured temperature is radially uniform.
In order to facilitate the comparison of temperature and soot

concentrations measured by the different 1D techniques in
various flames and to minimize the uncertainties related to the
observed inhomogeneous soot distributions, the experimental
results are presented here as vertical profiles at a radial distance of
10 mm from the center of the burner. The analysis of the 2D
pyrometer data shows that for a given distance above the burner
surface the soot concentration varied mildly, within 10%, for a
radial displacement of ±2 mm from the selected position.
4.2. Vertical Temperature and Soot Profiles. Figure 3

shows vertical profiles of temperature (a) and soot concentration
(b) in flames A25, B25, and C40 (see Table 1 for flame con-
ditions). The temperature was measured with wavelength
modulation TDLAS and 2C-PYR, while the soot concentration
was obtained with 2C-PYR and with LE at two wavelengths
(635 and 2298 nm).
The three temperature profiles measured with TDLAS show

analogous behavior. Having reached a similar maximum tem-
perature (around 1800 K) within 4 mm from the burner surface,
the temperature then decreases over the following 10 mm due to
radiative heat transfer. The cooling rate increases with increasing
equivalence ratio and reaches almost 40 K mm−1 for flame C40.
The relatively sharp temperature reduction at heights above
14 mm is attributed to the cooling effect of the stabilizing plate.
The 1D flame calculations predict a similar maximum tem-

perature (within ∼100 K) as measured by TDLAS. Since the
calculations neglect heat losses from radiation, only the
maximum temperatures are compared to those presented in
Table 1. The discrepancy in maximum temperature could be
related to 2D effects caused by the stabilization plate. Close
to the burner and up to 10 mm above the burner surface, two-
dimensional simulations of the flame setup with the stabilization
plate predicted a higher temperature than 1D calculations.51

The temperature profiles measured by 2C-PYR show
maximum temperatures almost 300 K higher than those
measured with TDLAS for all three flames. The difference
decreases with increasing distance above the burner surface.
Above a certain height, the profiles coincide with each other to
within 100 K, which was within the combined uncertainty of the
methods. The distance from the burner surface, above which
2C-PYR and TDLAS retrieved similar temperatures, decreased
with equivalence ratio. The sharp temperature gradient observed
with TDLAS at distances ∼14 mm above the burner surface was
difficult to measure with the pyrometer due to the weak soot
emission.
The vertical soot concentration profiles (Figure 3b) show a

postflame increase in concentration with a slope that increases
for higher equivalence ratios. Due to the low amount of soot
in Flame A2, the LE measurements at 2298 nm had a low signal-
to-noise ratio and are not shown. The discrepancy between
the LE measurements at the two different wavelengths could

primarily be explained by a non-negligible contribution from
scattering to the extinction at 635 nm due to the violation of the
Rayleigh criterion (see Section 2). Another reason for a lower
transmission could be absorption due to heavier hydrocarbons
affecting wavelengths shorter than 700 nm.40 However, the
magnitude of the latter effect is expected to be much smaller than
the effect of scattering. Comparing the soot concentrations
profiles measured by laser extinction at 2298 nm and by 2C-PYR,
only a small difference far from the burner surface was observed.
Close to the burner surface, LE gave higher soot concentrations
than 2C-PYR.
The uncertainty in the 2C-PYR data, calculated as explained in

Section 3, depended on the position above the burner surface
and was ∼60 K at 10 mm and about ∼200 K close to the burner
for flame B25. Simonsson et al.23 demonstrated that in similarly
sooty flames the α coefficient decreases drastically with distance
above the burner surface close to the burner. Moreover, a slight
decrease in αwith increasing equivalence ratio was also observed.
Therefore, the discrepancies in measured temperature and
soot concentration observed here are attributed to the use of a
constant α for 2C-PYR data evaluation throughout the flame.
To investigate this effect, α was changed iteratively in eq 6 for
Flame B25 until the 2C-PYR temperature matched the corre-
sponding TDLAS temperature. Close to the burner surface this
resulted in an α value of ∼2.5. Using the iteratively obtained
α value, the soot volume fraction agreed to within 10% with the
LE measurements even close to the burner surface.
In pyrometry, the soot volume fraction is based on the mea-

sured temperature; thus, the uncertainty in temperature propa-
gates to the uncertainty in soot concentration. As stated above,
for mature soot the uncertainty in the 2C-PYR temperature
measurement was ∼60 K, whereas in the presence of nascent
soot, the temperature uncertainty was higher, around 200 K.
Thus, close to the burner, the uncertainty in soot concentration
was between −95% and +360%, but at 10 mm above the burner
surface, the uncertainty was −75% to +69%, similar to the pre-
viously estimated uncertainty originating from dark noise.9

The results indicate that the use of a constant α independent of
the position in the flame is the primary reason for the differences
in temperature and soot concentration between 2C-PYR and
other methods. The uncertainty in α and, correspondingly,
in temperature and soot concentration could be reduced by
combined absorption and emissionmeasurements. This has been
demonstrated in laboratory flat5 and diffusion6 flames.

4.3. Measurements at Fixed Height above Burner. As
was shown above, the optical properties of the soot influenced
the measurement accuracy. Therefore, the comparison of the
methods was restricted to a height of 10 mm above the burner
surface, where the optical properties of the soot were presumably
close to those of mature soot for most of the flames. The tem-
peratures and soot concentrations at this position are plotted for
all flames in Figure 4.
The temperatures obtained with 2C-PYR and TDLAS agreed

to within 100 K for all flames studied. The difference between the
temperatures measured by TC and optical methods was smaller
than 100 K for Flames A30−C50 and about 150 K for flames
A21−A25. For temperatures between 1400 and 1600 K, the TC
showed good accuracy compared to both TDLAS and 2C-PYR.
Both TDLAS and 2C-PYR showed a decrease in temper-
ature with increasing oxygen enrichment and equivalence ratio
(Figure 4a), and the TC measurements followed this trend for
Flames B and C. This temperature decrease may be nonintuitive,
since the energy density of the unburned mixture increases when
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the amount of inert N2 is reduced, and one would therefore,
in accordance with theoretical calculations (see Table 1), expect
higher flame temperatures. However, the soot concentration
also increased with O2/N2 ratio (Figure 4b), which resulted in
increased heat transfer from soot radiation and thus a lower gas
temperature.
All methods for soot diagnostics demonstrated that the soot

volume fraction increases with both equivalence ratio and O2/N2
ratio (Figure 4b) at 10 mm above the burner surface. The data
from 2C-PYR and LE at 2298 nm were within 10% of each other.
The LE data at 635 nm were generally above the LE data at
2298 nm; flames C30−C50 had the largest difference (40%).
The ELPI obtained soot volume fractions were generally above
those measured using the optical techniques.
The uncertainties of the methods at the given measurement

location are reported in Table 2. For the TC, the reported

uncertainty of the method from McEnally et al. is ±60 K.46

Combined with the reproducibility of the measurements, this
resulted in an overall uncertainty of 63 K. The uncertainty of the
pyrometer temperature, estimated for flame B25 as explained in
Section 3.2, was±60 K. Since the presence of soot in flames does
not affect the procedure of the TDLAS data treatment, the
uncertainty of the TDLAS temperature measurements in sooty
flames was assumed to be equal to that in clean flames, i.e.± 50 K.
Regarding the uncertainties in soot concentration, the laser-

based absorption methods could measure the laser transmis-
sion with high reproducibility and low noise and most of the
uncertainty resulted from the uncertainty in the E(m) function.
Here, an uncertainty of 20% is assumed following the summary of
E(m) values by Coderre et al.30 Combined with the uncertainty
in the path length of the measurements (±5%), this resulted in an
absolute uncertainty of ±21%. The uncertainty in 2C-PYR soot
measurements, calculated considering the uncertainties in dark
noise, α, E(m), and path length, was−75% to +69%. As discussed
in Section 3.5, the overall uncertainty in soot volume fraction

measurement with the ELPI was difficult to estimate, and the
presented uncertainty is based on the variation in the soot density
found in the literature. However, the uncertainty for this method,
especially considering the conversion from particle number
distribution to volume fraction, is likely underestimated.
The particle size distributions of the flames measured with the

ELPI (Figure 5) showed that the oxygen enrichment had a

negligible effect on the particle size, which primarily changed
with equivalence ratio. For the richest flames C30−C50, most of
the particles were about 210 nm in diameter. This is approxi-
mately one-third of the wavelength for the 635 nm laser.
Therefore, at this wavelength, the Rayleigh criterion was not
fulfilled and scattering most likely an important factor.

5. CONCLUSIONS
A comparison of optical and intrusive techniques for diagnostics
of flame temperature and soot concentration was performed in
oxygen-enriched, fuel-rich atmospheric flat flames. The results
indicate that soot aging strongly influences the optical properties
of soot and thus the performances of analytical methods that
depend on those properties. In flame regions with mature soot,
the temperatures and soot concentrations obtained with the
optical methods and the TC were comparable. However, in
flame regions with nascent soot, the pyrometer overestimated
the temperature by up to 300 K. For mature soot, the uncer-
tainties of 2C-PYR temperature and soot measurements were
∼60K (comparablewith the uncertainties of othermethods studied)

Figure 4. Comparison of temperatures (a) and soot concentrations (b) measured at 10 mm above the burner surface with all techniques investigated.

Table 2. Estimated Absolute Uncertainties of the Methods for
Measurement of Temperature and Soot Volume Fraction

Method
Uncertainty in
Temperature

Uncertainty in soot volume
fraction

Thermocouple ±60 K
Pyrometer ±60 K −75% + 69%
TDLAS ±50 K
LE ±21%
ELPI +23% to −29%

Figure 5. Particle number size distributions measured with ELPI at
10 mm above the burner surface.
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and ∼70% (significantly larger than the LE uncertainties, which
were estimated to 21%), respectively. LE measurements at
635 nm were affected by scattering; therefore, it is recommended
to use IR wavelengths for LE. Comparing ELPI-derived volume
fractions calculated using densities from the literature resulted in
differences of almost a factor of 2. Furthermore, the soot reached
mature state earlier at a higher equivalence ratio. For a fixed total
flow rate and equivalence ratio, oxygen enrichment significantly
enhanced soot formation. Concerning applications in large facilities,
this work indicates that TDLAS combined with LE is the most
suitable method for simultaneous measurement of gas temper-
ature and soot concentration, and it has the potential to replace
TCs and ELPI systems. Compared to a 2C-PYR, however, a
drawback is the requirement of two optical access points.
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■ NOMENCLATURE
c = speed of light [m·s−1]
C1 = constant, hc/kb [m·K−1]
C2 = intensity loss constant [a.u.]
C3 = intensity loss constant [a.u.]
C4 = constant, C3/C2 [a.u.]
da = aerodynamic diameter [m]
dp = diameter of particle [m]
E(m) = absorption function
f v = soot volume fraction
h = Planck’s constant [J·s]
I = intensity [W·sr−1·m−3]
I0 = initial intensity of beam
Ibλ = black body radiation [W·sr−1·m−3]
Ibg = intensity from flame radiation
Iref = intensity of reference beam
It = intensity of transmitted beam
Iλ = Gray body radiation [W·sr−1·m−3]
kb = Boltzmann’s constant [W·m−2·K−4]
Keλ = extinction coefficient [m−1]
k = wavelength independent extinction coefficient
l = path length [m]
m = complex index refraction for soot [a + ib]
T = temperature [K]
Ta = apparent temperature [K]
α = dispersion coefficient

ελ = emissivity
λ = wavelength [m]
ρ0 = density of aerodynamic particle [kg·m−3]
ρp = density of particle [kg·m−3]
τλ = transmission
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Abstract 
The combination of image processing techniques and regression models was evaluated for regressing  
equivalence ratio and major species concentration (H2, CO, CO2 and CH4) based on real-time image data 
of the luminous reaction zone in conditions and reactors relevant to biomass gasification. Two simple 
image preprocessing routines were tested: reduction to statistical moments and spatial binning. Image 
features obtained by using these two preprocessing methods were then used as inputs for two regression 
algorithms: Gaussian Process Regression and Artificial Neural Networks. The methods were evaluated by 
using a laboratory-scale flat-flame burner and a pilot-scale entrained flow biomass gasifier. For the flat-
flame burner, the achieved results showed root mean squared errors (RMSE) on the order of the 
uncertainty of the experimental measurements. For the gasifier, the RMSE was approximately three times 
higher than the experimental uncertainty – however, the main driver of the error was the quantization of 
training dataset. The accuracy of the predictions was found to be still reasonable for process monitoring 
purposes. The accuracy of the predictions reflected the superior data representation capability of the 
statistical moments method. 

Keywords: gasification diagnostics, process monitoring, AI, image processing, neural network, machine 
learning, Gaussian process regression 
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1. Introduction 
Production of carbon-neutral motor fuels from entrained flow gasification (EFG) of biomass has 

shown techno-economical potential.1 In the EFG technique the fuel is fed as a powder or droplets into the 
– preferably pressurized – reactor that is operated by using pure oxygen as oxidizer. This technology 
results in a relatively hot reactor (with temperatures in excess of 1000 C˚) compared to other gasification 
technologies; therefore, only a low amount of tars is formed and a clean synthesis gas (syngas), ideal for 
upgrading to motor fuels, is produced. The high process temperature melts the ash which therefore can be 
extracted continuously from the bottom of the gasifier thus enabling long, continuous operation. However, 
the gasification process generates significant amounts of soot2 which reduces the final extent of fuel-
syngas conversion – and consequently the overall efficiency – of the process. Another issue with EFG of 
biomass powder is fluctuations and interruptions in the fuel feeding that are inevitable due to the 
properties of the granular fuel.3 The fluctuations of the fuel can alter the equivalence ratio, leading to high-
frequency variations with magnitudes up to ~20 % of the nominal value.4 Consequently, this changes the 
temperature and gas composition, also affecting the efficiency of the gasifier; therefore, it is essential to 
minimize these fluctuations if maximum efficiency is desired. Other factors, such as moisture content, size 
distribution, compression of the fuel powder in the hopper and the actual type of the hopper can also 
change the expected fuel feeding and process efficiency. Since interruptions in fuel feeding can cause the 
extinguishing of the flame, this together with the potential risk of plugging the slag tapping hole require 
careful monitoring of the process. It has been shown that monitoring cameras can be installed in a N2-
flushed probe and operated even under high temperature and pressure.5–7 Several past studies 
demonstrated that parameters relevant to combustion can be extracted from simple digital images. It has 
been shown that the real-time estimation of excess air,8,9 NOx,10,11 thermal power,12 burner settings13,14 and 
fuel blend15 can be carried out by using vision-based systems in conjunction with on-line image 
processing. The image processing can either include extracting pre-defined parameters from the images13 
or the raw pixels intensity values can be used directly without significant pre-processing.11,14 The 
parameters extracted can be geometrical such as flame length and width or radiometric such as maximum, 
mean and standard deviation of image pixel intensities and flicker frequency.16 After pre-processing, the 
image data can be related to process parameters relevant to the combustion or gasification technology. 
Artificial Neural Networks (ANN)13,14,17 and Gaussian Process Regression (GPR)9 are two examples of 
machine learning methods that have been shown to be successful as regression techniques in combustion 
applications. Parameters with a directly interpretable physical meaning, such as temperature18 and flow 
rates19 can also be used as inputs for the regression algorithms. The method of combining process data 
with image data has also recently been demonstrated and used for prediction of the thermal output from a 
grate boiler.16   

Equivalence ratio can be estimated in a responsive and non-intrusive way in fuel rich 
environments through the measurement of the ratio of chemiluminescence signals.20 However, 
chemiluminescence measurements applied to the diagnostics of gasifier reactors would require a strategy 
to distinguish the chemiluminescence signal from the wide-band emission coming from walls, soot and 
ash. Furthermore, in a real-scale industrial setting, the usage of expensive and sensitive equipment 
required for chemiluminescence imaging (e.g., intensified CCD cameras) is impractical. Other 
measurement techniques, such as on-line gas analysis are not feasible in gasification applications due to 
the incomplete conversion, and long response time of gas chromatography (GC). Another drawback to 
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consider when applying GC measurement is that the gas withdrawn from the gasifier has to be dried and 
cleaned of particulate matter – the equipment required for gas cleaning needs frequent maintenance.  

The aim of this work is to investigate the capabilities and potential of vision-based monitoring to 
estimate equivalence ratio and major gas species concentration in EFG. Two regression methods, GPR 
and ANN were evaluated, along with two image pre-processing methods for data reduction, data 
representation through statistical moments and pixel binning. As per the authors’ knowledge, the 
technique has not been demonstrated on gasifier reactors yet. 

The developed monitoring system was first evaluated on fuel rich premixed C2H4-O2-N2 flames 
stabilized on a McKenna burner. The simplicity of this setup allowed for the accurate calculation of the 
equivalence ratio from the input mass flow rates directly. After validating the proposed technique by using 
the McKenna setup, the monitoring system was further tested in operation on a pilot-scale EFG reactor, 
using wood powder as fuel. 

2. Materials and methods 

2.1 Flat flame burner and gasifier setup 
The premixed C2H4-N2-O2 flames studied in this work were stabilized on a McKenna burner with 

a central jet opening. The diameter of the burner was 60 mm and the outer diameter of the central jet was 
9.5 mm. For the premixed flames, an O2/(O2+N2) molar ratio of 35 % was used for all flames. The oxygen 
enrichment was used to increase the burning velocity of the flames and consequently extend the range of 
equivalence ratios that can be stabilized on the burner without blow off. A total flow of 10 L/min of the 
premixed gas was used together with 15 L/min of N2 supplied in a shroud stream in order to protect from 
ambient air intrusion to the flame. The flow rates of gases to the burner were measured by using calibrated 
mass flow controllers (Bronkhorst EL-flow) from which the equivalence ratio was calculated with an 
uncertainty of ∅± 0.031, based on the uncertainty of the flow controllers. The equivalence ratio of the 
flames was changed from 1.9-3.2 in increments of 0.05 by adjusting the flowrates. The arrangement of the 
burner and the camera systems can be seen in Fig 1a.  

The pilot-scale gasifier used in the experiments had cylinder-shaped with a height of 4 m and was 
covered by a steel shell. The gasifier had a 0.2 m thick ceramic lining and an internal diameter of 0.5 m. A 
schematic of the gasifier setup is shown in Figure 1b and a photograph of the gasifier is shown in Figure 
1c. Before the experiments the fuel hopper was calibrated to feed wood powder corresponding to a 
thermal power of 100 kWth (approximately ~20 kg/h based on fuel analysis). From the hopper the wood 
powder was pneumatically transported through a ~10 m long steel pipe to the burner. The burner used 
during the experiment was of swirl type and had an outer diameter of 89 mm and an inner diameter of 50 
mm where the fuel was in injected. The air to the burner was provided by a fan controlled by a PID 
regulator and a mass flow meter. Beside the air used to transport the powder, additional air was distributed 
over three registers of the swirl burner, the burner design at its function has been described previously by 
Simonsson et. al.21 Downstream the reactor, after the outlet, a stream of gas was withdrawn and analyzed 
using a Micro-GC from Varian (490-GC with molecular sieve 5A and PoraPlot U columns) and the 
remaining gas was combusted in a boiler. The equivalence ratio was changed from 1.42 to 3.33, (air 
equivalence ratio 0.3 to 0.7), in 9 increments by changing the air flow in the burner.   
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 The CCD camera was placed on top of the gasifier where an optical access point was located 
beside the burner. The view was towards the flame axis and angled downwards. The camera can be seen 
in the schematic of the experimental setup displayed in Fig 1b. The optical access port was made of heat 
resistant glass, which was kept clean under operation by purging with N2. 

 

2.2 Camera sensors 
The flames images were recorded with a monochromic CCD camera (Allied vision, Prosillica 

gt1910) with the sensor (Kodak, KAI−02150) used together with a camera lens (Spacecom, VHF75MK), 
which has a focal length of 75 mm and results in an 12.8° angle of view (AOV). The resulting image plane 
covered the entire flat flames and was found suitable for the optical access in the gasifier which had 
geometry similar to tube with a diameter of 115 mm and length of 40 cm. The images were collected from 
the camera with a twisted pair cable, using the GigE vision interface standard with a program written in 
MATLAB. The cameras were used in an 8-bit mode which implies that the fixed dynamic range of 
intensity collected by the camera is linearly discretized by the internal firmware to a resolution of 256 
increments, corresponding to a value between 0 and 255 for every pixel. To adjust the intensity of the 
captured pictures the exposure time was changed between the setups and flame conditions and then 
accounted for before image processing.  

2.3 Regression inputs 
Since the images of the flame contain information in every pixel, a single picture from the CCD 

camera, having a resolution of 1920x1080 pixels, contains more than 2 million data points. Ideally, the 
entirety of image data would be provided directly as input to the regression model – this has been 
demonstrated using images with smaller pixel resolution.14 However, since the pictures used in this work 
were high-resolution, the image data had to be reduced in order to keep the evaluation time and memory 
usage under acceptable limits. For data reduction, two methods were evaluated, the first method 
comprising of spatial binning in which the images were subdivided into rectangular regions (4 for the flat 
flame, 16 for the gasifier). Each spatial bin was represented by the mean pixel intensity value calculated 
from the pixel intensities in the respective bins. The binned values were then directly used as input in the 
regression analysis. For the second method, suitable parameters had to be found, since the relationship 
between image parameters and process parameters is unknown. Based on past studies,16 image parameters 
were defined as statistical moments of grayscale intensity and the image gradient magnitude values. In 
previous studies, the mean, standard deviation, kurtosis and skewness of image intensity, along with 
flickering frequency were extracted from the collected picture series and correlated to the pollutant 
emissions (CO, NOx and SO2) for fuel blends in a swirl burner facility22. These parameters were first 
evaluated for the flat flames. Evaluating the ratio between two-dimensional mean intensity and two-
dimensional standard deviation for flat flames showed that they are linearly independent of each other and 
can therefore considered useful. Evaluating the kurtosis and skewness showed a relatively weak 
dependence on the equivalence ratio and these predictors were therefore discarded. Strong correlation was 
found between the maximum of two-dimensional intensity gradient magnitude and the equivalence ratio, 
therefore we selected it as the third parameter.  

The definitions of the three selected parameters, two-dimensional mean intensity, two-
dimensional standard deviation and maximum two dimensional intensity gradient are presented below. 
The mean intensity parameter is the average grey value in the image according to 
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where µ is the mean intensity of the image and Iij the intensity of a pixel at position i,j and n the total 
amount of pixels. The standard deviation feature can be calculated as the following: 
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where σ is the two-dimensional standard deviation for the image. The maximum intensity gradient feature 
is defined as the maximum magnitude of the intensity gradient in the image calculated by using the 
Prewitt operator: 
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(3) 

where the symbol ⨂ denotes two-dimensional convolution. The maximum value in Igradient was used as the 
maximum gradient feature. 

For the binning approach, the images were subdivided into 2x2, and 4x4 regions for the flat flame 
and gasifier images, respectively, and Eq. 1 was used to calculate the mean pixel intensity of each region 
resulting in matrices of 2x2 or 4x4 sizes. The size of spatial bins were determined based on the observed 
spatial homogeneity of the images – since flat flame images were more homogeneous (i.e., the image 
intensity varied over larger spatial scales), more aggressive subsampling was used to preprocess those 
images. While one can argue that all pixels can be used as inputs for machine learning methods, one also 
has to keep in mind that in order to avoid overfitting,23 certain design rules should be followed when 
setting up machine learning algorithms. In the case of neural networks, one such design rule is the 
limitation of degrees of freedom so that the number of tunable parameters of the model stays under the 
number entries in the training dataset.24 We note that the size of the flat flame training dataset was smaller 
than that of the gasifier dataset, which also warranted more aggressive dimension reduction in the 
preprocessing step for the flat flame dataset. 

2.4 Regression outputs 
The objective of regression was to estimate the equivalence ratio and concentration of major 

gaseous species in the syngas. To achieve this, training data had to be provided so that supervised machine 
learning could be carried out. The training data were acquired during the experiments, for both the small-
scale and pilot-scale tests. Supervised output data for equivalence ratio were calculated in all cases based 
on measured flow rates for fuel and oxidizer. Supervised output data for gas composition were provided 
differently: in the case of the gasifier runs, gas composition was measured by a Micro-GC, but in the case 
of the flat flames, the syngas composition was calculated by using CHEMKIN II25 with the PREMIX code 
and a mechanism developed by Qin et al.26 Based on past studies, the gas temperature in oxygen enriched 
ethylene flames reaches its maximum within 4 mm above the burner.27 The mechanism used here can 
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accurately predict this temperature profile. Furthermore, the calculated gas concentrations were within +/-
7% compared to CO measurements employing GC and a tunable diode laser sensor capable of measuring 
CO28 performed in our lab for equivalence ratios between 2 and 3. The concentrations of the relevant 
major gaseous species (H2, CH4, CO and CO2) were constant after the gas had reached maximum 
temperature. Since the aim was to predict the gas concentration at the outlet of the gasifier (one point) we 
therefore used the gas concentrations calculated at 10 mm above the burner surface, sufficiently far from 
the burner surface, where the major species are at steady state. The calculations were based on the gas 
flow rates measured by the mass flow controllers and the surface area of the burner. 

Since CHEMKIN calculations of the syngas composition were based on the same gas flow rates 
from which the equivalence ratio was calculated, using calculated gas concentrations as supervised output 
data can be considered as training the machine learning algorithms on non-linear transformations of the 
equivalence ratio parameter. This alone can be thought of as a useful evaluation, since it surveys the 
algorithm’s capability to handle the added complexity of non-linear transformation. However, the 
approach can be given a physical justification by noting that CHEMKIN calculations of burner stabilized 
flames are a well-established method in the field of optical combustion diagnostics and calculated values 
are often used as calibration source for diagnostics techniques.28  

2.5 Regression methods 
To evaluate the influence of the type of regression method on estimation accuracy, we evaluated 

Gaussian Process Regression (GPR) and Artificial Neural Networks (ANN) in this work.  

2.5.1 Gaussian Process Regression  
Gaussian Process Regression is a Bayesian, non-linear regression method widely used in machine 

learning applications. The Gaussian process is defined as a collection of random variables, where any 
subset of these variables has a joint Gaussian distribution. By relating the inferences in the function space 
between the input variables the GPR method assumes that the training and test points come from a joint 
distribution described with a mean and a covariance function. The benefit of using this regression model is 
that underlying function has to be assumed instead it is mainly defined by the covariance function 
describing the relation in variance between the variables. In this work the squared exponential covariance 
function was used, which is defined as    

 
𝐾𝐾�𝑥𝑥𝑖𝑖, 𝑥𝑥𝑗𝑗� = 𝛼𝛼𝑒𝑒

−�𝑥𝑥𝑖𝑖−𝑥𝑥𝑗𝑗�
2

2𝜎𝜎1
2 + 𝛿𝛿𝑖𝑖𝑗𝑗𝜎𝜎𝑛𝑛2  

(4) 

 

where xi and xj are values in the input space and α and σ1 are coefficients called hyperparameters and σn is 
the noise variance. Considering the joint distribution,  

 
�
𝑦𝑦
𝑓𝑓∗�~𝑁𝑁(0, �𝐾𝐾(𝑋𝑋,𝑋𝑋) + 𝜎𝜎𝑛𝑛2𝐼𝐼 𝐾𝐾(𝑋𝑋,𝑋𝑋∗)

𝐾𝐾(𝑋𝑋∗,𝑋𝑋) 𝐾𝐾(𝑋𝑋∗,𝑋𝑋∗)�) 
(5) 

 

where K is the covariance matrix in Eq. (4), the prediction of 𝑓𝑓∗̅ at 𝑋𝑋∗, based on the training data 𝑋𝑋 and 𝑦𝑦 
can be done with 
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 𝑓𝑓∗ = 𝐾𝐾(𝑋𝑋∗,𝑋𝑋)[𝐾𝐾(𝑋𝑋,𝑋𝑋) + 𝜎𝜎𝑛𝑛2𝐼𝐼]−1𝑦𝑦, (6) 
 

And the corresponding covariance can be calculated with 

 𝑐𝑐𝑐𝑐𝑐𝑐(𝑓𝑓∗) = 𝐾𝐾(𝑋𝑋∗,𝑋𝑋∗) − 𝐾𝐾(𝑋𝑋∗,𝑋𝑋)[𝐾𝐾(𝑋𝑋,𝑋𝑋) + 𝜎𝜎𝑛𝑛2𝐼𝐼]−1𝐾𝐾(𝑋𝑋,𝑋𝑋∗)), (7) 
 

with these equations the only unknowns are the hyperparameters that can be obtained with a training set of 
data and maximizing the likelihood.29 The GPR model used in this work was implemented using 
MATLAB 2017b, and a detailed description of the algorithm can be found in the MATLAB 
documentation30 which is based on Williams et al.29 

2.5.2 Artificial Neural Network 
Artificial Neural Networks have received much attention lately due to their unmatched capability 

to model complex, non-linear data. The computational models of the ANN’s used in this work can be 
represented by a directed graph that has input and output nodes, and a series of hidden nodes that connect 
inputs to outputs. In ANN terminology, nodes are referred to as neurons, while the edges of the graph are 
called connections. The so-called fully connected feedforward ANN architecture was used in this work. In 
a fully connected ANN, the neurons are arranged into layers. The input and output neurons form the input 
and output layers, respectively. Layers that are neither input nor output are called hidden layers. Each 
hidden layer has two neighboring layers – the architecture is called fully connected, because every neuron 
is connected to every neuron of an adjacent layer, but not to neurons in the same layer or in other, non-
adjacent layers. An ANN that contains more than one hidden layer is called a Deep Neural Network 
(DNN). In some applications, DNN’s are known to achieve higher accuracy than shallow ANN’s – in this 
work, only DNN architectures were used. Assuming that every hidden layer contains an equal number of 
neurons, the architecture of a fully connected DNN (in terms of its computational graph) is uniquely 
determined by the number of neurons in each layer and the number of hidden layers. In this work, the 
number of neurons in the input layers was 3 when image parameters were used and 4 or 16 when pixel 
bins were used as input features (see Section 2.3). A separate DNN was trained for the prediction of every 
output parameter, therefore in each DNN, there was only a single scalar output, represented by a single 
neuron in the output layer. There were 3 hidden layers, each with 10 or 300 neurons, for the flat flame and 
gasifier cases, respectively. 

A DNN carries out regression by applying a non-linear transformation to the input data. There is a 
scalar value associated with every neuron – in the case of input and output neurons this scalar value is the 
input and output of the DNN, respectively. In the case of hidden neurons, the scalar is called activation. In 
the case of hidden or output neurons, the scalar is computed as: 

 
𝑎𝑎𝑗𝑗,𝑙𝑙 = 𝑓𝑓 ��𝑤𝑤{𝑘𝑘,𝑙𝑙−1}→{𝑗𝑗,𝑙𝑙}

𝑁𝑁

𝑘𝑘=1

𝑎𝑎𝑘𝑘,𝑙𝑙−1�, 
(8) 

 

where 𝑎𝑎𝑗𝑗,𝑙𝑙 is the activation (or scalar value) of neuron j in layer l, 𝑤𝑤{𝑘𝑘,𝑙𝑙−1}→{𝑗𝑗,𝑙𝑙} is a scalar weight 
associated to the connection between neuron k in layer l and neuron k in layer l-1 (the layer “preceding” 
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layer l in the direction opposite to the forward data flow in the DNN) and f is a non-linear transfer function 
called the activation function. Most often, the same activation function is used for every neuron in the 
DNN. In this work, the hyperbolic tangent function was used as the activation function.24 

In order to achieve the lowest possible regression errors, but avoid overfitting, the strategy for 
training the DNN’s was carefully chosen. First, L2 regularization was used to reduce overfitting.31 Second, 
the validation error was monitored during training and an early stopping criterion was set in order to avoid 
overtraining the DNN’s. The network weights were initialized using the method of Glorot, sampling from 
a normal distribution.32 The mean squared error was used as an error metric. The ADAM optimizer was 
used to tune connection weights.33 

The DNN’s were implemented using the Theano framework,34 on an nVidia Quadro K2200 GPU. 

3. Results and discussion 

3.1 Flat flame measurements 
Figure 2a shows the calculated concentrations of the major species.  

As seen, the calculated concentrations of all species beside CO2 increased with the equivalence ratio up to 
∅ = 3, after which the concentration of CO slightly decreased. The relative differences between the 
predictions of equivalence ratio and major species using the different regression methods are displayed in 
Figure 2b-f. For the prediction of the equivalence ratio, as shown in Figure 2b, the methods statistical 
moments as features performed best. The GPR predicted equivalence ratios within the uncertainty of the 
flow controllers (1.6 %), while the ANN had one outlier data point outside this bound. Using the pixel 
binning method, the bias and variance of the predictions increased, especially when employing the GPR, 
which in this case resulted in prohibitively high errors. The reason why the binning method resulted in 
higher relative differences is that the actual values fed into regression were collinear. The ANN seems to 
handle collinearity better than the GPR.  

For the prediction of major species concentrations (H2, CH4, CO and CO2) the relative errors are 
shown in Figure 2c-f. Given their lower errors, gas concentrations appeared simpler to predict than the 
equivalence ratio itself. Since the gas concentration data was coming from detailed flame calculations, the 
main uncertainty in these concentration values originates from the mechanism itself. The estimation of this 
is outside the scope of this work. We note however that in practical applications (as will be seen in Section 
3.2), the uncertainty of the training dataset is limited by measurement uncertainty, which in the 
gasification case is determined by the uncertainty in the carrier flow rate, detector temperature, wire 
temperature and composition of the calibration gases.35 Since the uncertainty of the GC measurements 
carried out in this work was estimated to be approximately 6% and the variance of the model outputs were 
under this range, it could be concluded that the practically achievable variances will be limited by the 
variance of the training data. 
  

The root mean squared error (RMSE) of the predictions was calculated for the different methods, 
see Table 1. The RMSE can be regarded as an uncertainty metric if the model is used as a predictor. 
Independently of the method employed, the RMSE for the flat flame data can be considered small, in fact, 
few methods can actually measure gas concentrations within uncertainties of less than 0.1 %.  
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3.2 Application to the gasifier 
Figure 3 shows typical acquired images of the inside of the gasifier reactor.  

Due to the view and process characteristics, very little geometrical information of the flame was 
visible. Most of the information in the images was carried by the mean pixel intensity and some weak 
structural patterns. It could also be seen that the optical thickness of the gas increased since the shape of 
the thermocouple was less and less distinguishable from the background as equivalence ratio increased. 
The relation between what could be seen in the images and the process parameters is a complicated 
function of several physical variables such as turbulence and radiative heat transfer, therefore it is 
reasonable to address the prediction of process parameters by using regression. Using the regression-based 
methods together with image processing these complex physical relations can be handled empirically, 
without the knowledge of the actual physical relations.         

The dry gas composition measured during the day of the campaign as a function of the 
equivalence ratio is shown in Figure 4a.  

It can be seen that the concentration of the major components beside CO2 increased with 
equivalence ratio and that the measured data were slightly noisy. The corresponding relative differences 
between the predicted and measured equivalence ratio are shown in Figure 4b. Similarly to the case of the 
flat flame, statistical moment-based features outperformed binned pixel intensities. The uncertainty of the 
predictions was approximately 5 %. When using binned pixel intensities, the uncertainty increased by 
approximately a factor of 2. Considering the complexity of the environment in the gasifier relative to the 
stable flat flames, it is understandable that the same low errors as in the case of the flat flames were not 
achieved; however, a level of uncertainty of approximately 5 % can be considered acceptable in this 
environment. For the concentration of major gas components, the relative differences are shown in Figure 
4b-f. Here most of the predictions carried out based on statistical moments were within approximately 5 % 
of the measured values, indicating that a system with accuracy comparable to that of conventional 
instruments could be achieved. The error of predictions carried out based on binned pixel intensities was 
higher, but is mostly within approximately 10 % of the measured values. 

Table 2 shows the evaluation of RMSE for gasifier predictions. The RMSE for the gasifier is 
considerable higher than that of the flat flame, but considering that the concentrations are to be used for 
monitoring the process and not to develop reaction mechanisms or rigorous measurement techniques, the 
errors are still reasonable. From the Table 2 it can be seen that the errors seem independent of the 
regression model, for both image parameters and binning – this suggests that the variance in the training 
dataset is the limiting factor that determines the irreducible error of the prediction. 

 

3.3 Sensitivity analysis 
In the case of ANN predictions, sensitivity analysis was carried out to better understand the 

contribution of different inputs to the predicted outputs. Sensitivity can be defined in many ways. Here, a 
sensitivity metric based on the partial derivatives of the outputs with respect to the inputs was used.36 In 
brief, the sensitivity metric shows how much the regression output changes as an effect of unit change in 
one of the inputs. The higher the sensitivity is to a particular input, the more importance that input carries 
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from the point of regression. The absolute value of the sensitivity metric does not carry much information, 
but the relative contributions of inputs to the regression output can be traced within models by comparing 
sensitivity values. In other words, given an output variable, inputs with higher sensitivity contribute more 
to the variance of that given output. 

The sensitivities were calculated by symbolically computing the Hessian of the ANN models and 
evaluating the diagonal elements in the matrix. Values reported here are unsigned; i.e., only the 
magnitudes of partial derivatives are shown. Sensitivities are different based on the location in the 
parameter space of the model. Values reported here are means and standard deviations of sensitivities 
computed over the entirety of the training and test datasets. The results from the sensitivity analysis for the 
flat flame regression models are shown in Figure 5. 

Input features based on statistical moments are expressive in the sense that they represent data 
complexity reflected in the statistical order of the moments. For example, if the regression output is only 
sensitive to the mean intensity, then all relevant image information is encoded in the mean. In this case, 
the image sensor can be replaced by a photodiode that collects light from the same field of view. Higher-
order statistical moments (e.g., the variance of the pixel intensities) carry structural information that 
requires the spatial resolving power of imaging. 

From this point of view, it is clear from Figure 5a that a significant amount of information was 
encoded in spatial features, since the sensitivities corresponding to higher-order moments (the variance 
and gradient of pixel intensities) were non-zero. In fact, for most outputs, the variance feature seemed to 
be the most important. In the case of regressing H2, the mean intensity feature was the most important, 
while in the case of the equivalence ratio, the standard deviation feature carried the most information. The 
high variance of the sensitivity values obtained in the case of other outputs indicates that the order of 
importance of the inputs depended heavily on the state of the model (the location in the input space). In 
these cases, no clear conclusions can be given regarding the importance of input variables. The picture 
was similar in the case of binned pixel inputs as well (Figure 5b), but the high variance of sensitivity 
values observed indicates the overall bad separability of inputs – in other words, sensitivity data showed 
that the binned pixel intensities were inferior inputs compared to the statistical moments. 

As Figure 6 shows, the variance of the obtained sensitivities were significantly lower in the case 
of the gasifier dataset. The reason was the better separability of inputs and higher amount of data – 
overall, the ANN approach was better fit for the gasifier dataset than to the flat flame dataset. The 
obtained low variances allowed for studying the clear contributions of inputs to the variance of the 
regression output. As seen in Figure 6a, the standard deviation feature was the most important in all cases 
except the equivalence ratio, where the image gradient appeared to be the most significant. Comparing this 
trend to the one seen with the flat flame dataset, it can be concluded that the images in the gasifier dataset 
were more complex, and a higher amount of their information content was encoded in higher-order 
statistical moments. This was especially true for the equivalence ratio, where most information was 
present in the gradient feature. In the case of using the binned pixel intensities as inputs, several pixel bins 
were identified as highly important by sensitivity analysis (Figure 6b). In order to understand this trend, 
the superpixels were re-mapped to the native image dimensions and overlaid on a snapshot. This approach 
is weakly reminiscent of using class-output partial derivatives to produce Convolutional Neural Network 
saliency maps,37 Figure 7 shows the result. 
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Regions with higher sensitivity were found to be the upper portion of the images that 
corresponded to the view of the fuel jet. The superpixel corresponding to the entry position of the fuel jet 
in the field of view was found to be the most sensitive. This suggests that the ANN attributed the most 
importance to the intensity observed at this location, which in turn was indicative of the amount of fuel fed 
into the reactor and the visibility of the particle cloud. The intensity observed at this location was a 
function of many factors, notably the luminosity of glowing soot, the amount of soot and the optical 
density of the soot cloud and the dispersion of fuel particles. Since the pixel intensity at this particular 
location carried much information about the physical process, it is understandable that it was a sensitive 
parameter in the regression model. Two other sensitive pixel bins were found next to the corners at the 
right side of the image. Although the mean intensity at these locations indeed responded to changes in the 
equivalence ratio (see Figure 3), a sound physical explanation of this is not as easy to provide. 
Nevertheless, the two highlighted areas were probably regions of recirculation, where the flow was 
affected by the equivalence ratio. 
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4. Conclusions 
In this work, a machine vision-based monitoring system for the on-line, non-intrusive estimation 

of equivalence ratio and syngas composition in biomass gasification was presented. Application to a 
small, laboratory-scale flat flame system and to a pilot-scale, entrained flow gasifier was tested. The 
results show that the estimation could be carried out based on inputs extracted from a simple camera 
monitoring the reaction zone. The accuracy of the proposed method was comparable to that of 
conventional measurements, mostly limited by the variance of the training dataset. 

The results show that the definition of image features affects the achievable, final accuracy of the 
monitoring system. In this case, two approaches were tested: using the statistical moments of pixel 
intensities for dimensionality reduction and subsampling the image by spatial binning and using binned 
intensities as image features. Using the statistical methods resulted in higher estimation accuracy. 

Two regression methods were evaluated to produce estimations regarding equivalence ratio and 
syngas composition: Gaussian Process Regression (GPR) and Artificial Neural Networks (ANN). It was 
found that given a large dataset, both methods approached the irreducible error determined by the variance 
of the training dataset. However, for cases with limited data, GPR performed better. 

Sensitivity analysis revealed that the spatial resolving capabilities of imaging was indeed utilized 
to produce the estimations; i.e., the same results could not be achieved by a system with no spatial 
resolving power (e.g., a few thermocouples or photodiodes). Image data in the case of the pilot-scale 
gasifier was more complex than for the flat flame. Simple heatmap analysis revealed that the ANN 
attributed the highest importance to image regions where the fuel jet was visible. 
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Figures 
   

 

  
 

Figure 1. Schematic sketch of the experimental arrangement for the measurement of flat flames (A), the 
gasifier (B) and a photo of the actual gasifier (C) 
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Figure 2. The gas components as a function of the equivalence ratio for the flames (A), the corresponding 
relative differences between predictions and measured equivalence ratio (B), and calculated gas 

components H2 (C), CH4 (D), CO (E) and CO2 (F). Here the bars denote model bias and the thin bars 
represent model variance (standard deviation). 
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Figure 3. Images of the flame inside the gasifier for three equivalence ratios, from left to right: 1.41, 2.00 
and 3.33. The first row shows single snapshots and the second row shows arithmetic means of 100 images. 
In the middle, a thermocouple used for process control and monitoring is visible. The images for the 3.33 
case are intensified with a factor of 10 for better visibility. 
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Figure 4. Dry gas composition as a function of equivalence ratio for the entrained flow gasifier (A), with 
the corresponding relative differences between the prediction of equivalence ratio (B), and concentration 
of gas components H2 (C), CH4 (D), CO (E) and CO2 (F). The bars denote model bias, while the error bars 
denote model variance. 
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Figure 5. Sensitivity analysis of the different regression inputs for the flat flame regression model, here the 
sensitivity is defined as the magnitudes of diagonal elements in the Hessian matrix of the ANN models. 
Sensitivities for both the statistical moments-based model (A) and the model taking the binned pixel 
intensities as input (B) are shown. 
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Figure 6. Sensitivity analysis of the different regression inputs for the gasifier regression model, here the 
sensitivity is defined as the magnitudes of diagonal elements in the Hessian matrix of the ANN models. 
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Figure 7. A “heatmap” of superpixel sensitivities overlaid on a snapshot of the gasifier reactor during 
operation. The snapshot is shown in green, while the sensitivities are shown in magenta. The most 
sensitive pixel bin corresponded to the region of the fuel jet, where in some cases the solid fuel could be 
seen. Surrounding this region, a region where solid particles could be seen is marked. 
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Tables 
 

Table 1. RMSE of predicted variables for the flat flames 

Predicted variable ∅ H2 [mol-%] CO [mol-%] CH4 [mol-%] CO2 [mol-%] 

GPR parameters 0.021 0.053 0.032 0.040 0.025 
NN parameters 0.033 0.10 0.028 0.043 0.034 
NN subpixels 0.050 0.31 0.14 0.099 0.14 
GPR subpixels 0.35 1.5 0.50 0.54 0.92 
 

 

Table 2. RMSE of predicted variables for the gasifier 

Predicted variable ∅ H2 [dry mol-%] CO [dry mol-%] CH4 [dry mol-%] CO2 [dry mol-%] 

GPR parameters 0.11 0.51 0.58 0.090 0.31 
NN parameters 0.11 0.51 0.57 0.090 0.30 
NN subpixels 0.26 0.82 0.87 0.22 0.41 
GPR subpixels 0.27 0.84 0.90 0.23 0.42 
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1 Introduction

Continuously stringent regulations regarding the pollut-
ant emission together with the depletion of easily acces-
sible fossil fuel resources have forced the developers of 
high-temperature energy conversion (such as combustion 
or gasification) equipment to look for alternative fuels and 
new (or moderated) technologies. Entrained-flow gasifica-
tion of biomass is one of many possible ways to manufac-
ture high-quality syngas for motor fuel synthesis. Due to 
the complexity of the gasification process and the lack of 
experience with many biomass fuels, fast and reliable in-
furnace measurements of the important parameters of the 
process such as temperature, gas species and soot concen-
trations are of importance for reaching the optimal process 
operation. The measured data can also be used to identify 
the actual state of gasification and to detect anomalous 
operation.

The laser-based absorption techniques, in particular 
TDLAS and WMS (wavelength modulation spectroscopy) 
as was demonstrated by a number of researchers, see [1, 
2] and references therein, are capable of providing accu-
rate and sensitive diagnostics of many gases in combustion 
environment. In practical (pilot-scale and industrial) com-
bustion devices, the tunable diode lasers found its applica-
tion primarily for emission diagnostics of the exhaust gases 
in order to cope with pollutant regulations. One impor-
tant property of any type of absorption measurements is 
that they integrate signals over the whole path of the laser 
beam. This property is quite often considered as a draw-
back in the studies of the processes where the local infor-
mation is required. However, in the practical systems this 
feature can be considered as an advantage, since the aver-
age signal characterizes the overall process completeness 

Abstract This paper reports on the development of the 
tunable diode laser absorption spectroscopy sensor near 
4350 cm−1 (2298 nm) for measurements of CO and H2O 
mole fractions and soot volume fraction under gasifica-
tion conditions. Due to careful selection of the molecular 
transitions [CO (υ″ = 0 → υ′ = 2) R34–R36 and H2O 
at 4349.337 cm−1], a very weak (negligible) sensitiv-
ity of the measured species mole fractions to the tem-
perature distribution inside the high-temperature zone 
(1000 K < T < 1900 K) of the gasification process is 
achieved. The selected transitions are covered by the tuning 
range of single diode laser. The CO and H2O concentrations 
measured in flat flames generally agree better than 10 % 
with the results of 1-D flame simulations. Calibration-free 
absorption measurements of studied species in the reac-
tor core of atmospheric pilot-scale entrained-flow gasifier 
operated at 0.1 MW power are reported. Soot concentration 
is determined from the measured broadband transmittance. 
The estimated uncertainties in the reactor core CO and H2O 
measurements are 15 and 20 %, respectively. The reactor 
core average path CO mole fractions are in quantitative 
agreement with the µGC CO concentrations sampled at the 
gasifier output.
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and efficiency. In recent years, also the suitability of the 
TDLAS- and WMS-based sensors for high-temperature 
measurements in the reactor core has been confirmed. Ebert 
et al. [3] developed a laser-based absorption spectrometer 
using two separate near IR diode lasers for the simultane-
ous in situ detection of water vapor and oxygen within the 
combustion chamber of an industrial incinerator. The real-
time measurement of O2 and CO concentration levels was 
described in a 300 ton/day incinerator furnace [4] and in 
post-combustion chamber of 3.5 MWth hazardous waste 
incinerator [5]. Teichert et al. [6] reported simultaneous 
in situ measurement of CO, H2O and gas temperatures in 
a full-sized coal-fired power plant by near-infrared diode 
lasers.

The sensors based on tunable diode lasers have been 
also applied in the high-temperature reaction zones of 
gasification processes. The measurements in the gasifica-
tion environment are characteristically complicated by the 
presence of particulates considerably reducing the trans-
mission of the laser beam and elevated pressure of the 
process, leading to broadening of the absorption lines. We 
could find only a handful of papers describing the appli-
cation of the TDLAS- and WMS-based sensors for high-
temperature measurements in the reactor core of the prac-
tical gasification process. Lackner et al. [7] deployed two 
tunable diode lasers for quantitative diagnostics of CO, 
CH4 and H2O in the core of laboratory-scale fluidized bed 
combustor. Ortwein et al. [8] developed a tunable diode 
laser absorption spectrometer for calibration-free, abso-
lute in situ HCl detection with minimized cross-sensitivity 
to CO2 and H2O. The spectrometer was applied to in situ 
measurements in a pilot-scale entrained-flow gasification 
process (T = 1130 °C, P = 1 atm, L = 28 cm). Recently, 
the group of Dr. R. Hanson (Stanford University) [9, 10] 
reported the first diode laser absorption measurements 
for gas temperature and species concentrations in a pilot-
scale, high-pressure, entrained-flow, oxygen-blown, slag-
ging coal gasifier with pressures up to 18 atm and tem-
peratures to 1800 K in the reactor. The measurements 
were taken at three locations (1) reactor core (tempera-
ture in the range 1300–1800 K), (2) the exit of the reactor 
(600–1000 K) and (3) in the gasifier product stream (320–
400 K). In the reactor core, the temperature measurements 
were reported by using three pairs of H2O transitions at 
near 1.4 µm. The same group published in situ measure-
ment of pressurized syngas H2O, CH4 and CO2 concen-
trations in the gasifier product stream [9, 11]. To permit 
quantitative measurements, the collision-broadening coef-
ficients of the selected transitions were determined for 
collisions with possible syngas components, namely CO, 
CO2, CH4, H2O, N2 and H2. Sample measurements were 
taken for each species in gas cells at room temperature 
and pressures up to 20 atm. A very recent publication by 

the group reports the similar measurements at tempera-
tures up to 600 K [12].

As can be noticed from the above-mentioned works, the 
application of TDLAS and WMS sensors for characterizing 
the high-temperature reaction zones of the pilot-scale and 
industrial combustion and especially gasification processes 
is still quite a new field with many research areas required 
considerable attention. These areas include measurements 
of new species, detection at elevated pressures, improving 
uncertainties of the measurements, usage of single laser 
for multispecies detection, application to the devices with 
restricted optical accesses.

The aim of this study is to develop a technique for accu-
rate real-time in-furnace monitoring of CO, H2O and soot 
under pilot-scale (and industrial) gasification conditions. 
Here we report, to our knowledge for the first time, on the 
development and application of a TDLAS sensor based 
on single laser for the detection of the above-mentioned 
parameters in the reactor core of pilot-scale gasification 
process (T > 1000 K). The novelty of the work is (1) the 
diagnostics of the average path CO, H2O mole fraction and 
soot concentration in the reactor core of the pilot-scale gas-
ifier using a single diode laser, (2) the application of the 
CO and H2O lines at 4350 cm−1 for diagnostics (absorp-
tion via the selected transitions has a very modest tempera-
ture dependence in the temperature range of the gasifier), 
which practically eliminates the uncertainties related to the 
inhomogeneous distribution of the species and temperature 
inside the gasifier. The experiments were performed both 
in well-defined flat flames and in a pilot-scale atmospheric 
air-blown entrained-flow gasifier located at SP ETC in 
Piteå, Sweden. Powder from peat was used as fuel during 
the experiments. The experimental data in the flat flames 
are compared with those predicted using detailed chemi-
cal mechanism; the in-furnace measurements are compared 
with micro-(µ)GC data sampled at the gasifier exit.

2  Approach

2.1  Data Reduction

In the absorption measurement taken in a media where 
the temperature and concentration of the species can vary 
along the laser beam path, a signal, IS, measured by a 
detector installed after the media can be written as in [13] 

where I0 is the intensity of initial light, k(v) is the absorp-
tion coefficient of the component being detected at fre-
quency v, IBG is the background radiation, L is the absorp-
tion path length, L = l2 − l1. Tr(t) is temporal fluctuations 

(1)IS(ν) = IBG(t)+ I0(ν) · Tr(t) · exp

(

−
l2

∫
l1

k(ν)dl

)

,
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of the broadband overall transmission caused in general by 
such factors as broadband absorption and light scattering 
by particles. The absorption coefficient can be expressed as

where Sik is the spectral line intensity for the transition from 
the initial level i to the level k, f is the normalized absorp-
tion line function,

∞

∫
−∞

f (ν)dν = 1, T is the temperature and 
N is the molecular number density; summation over all 
allowed transitions ik in the considered spectral interval is 
assumed. In the case of a gas, N is related to the species 
mole fraction XM through:

where P is the pressure and kB is the Boltzmann constant. 
Rewriting Eq. (1) in terms of the absorption, A, and using 
Eqs. (2) and (3), we arrive at the following expression:

Determination of the species mole fraction at some arbi-
trary location XM(l0) requires the temperature distribution 
and relative profile of the studied species mole fraction 
along the beam path [14]. The required information can be 
obtained in laboratory flames, but is hardly accessible in 
pilot- and industrial-scale equipment. Instead, the average 
path mole fraction

is often used. Provided that the Sik/T term is a weak func-
tion of temperature along the laser path for the selected 
transition(s), it can be taken outside the integral in Eq. (4). 
The frequency integration of the left and right parts over 
some well-separated selected transition(s) yields then:

The above procedure provides the calibration-free deter-
mination of X̃M from the measured values if Tr(t) and IBG(t) 
are experimentally determined (see the discussion below) 
and the Sik/T ratio in the studied medium is known. In the 
given approach, calculation of the absorption line function 
is not needed. Another approach includes fitting the experi-
mental spectrum Eq. (4) using the known spectroscopic 
parameters; the weak temperature dependence of the Sik/T 
and f terms is assumed. The approach is especially useful 
for deriving the multiple-species concentrations with over-
lapping transitions from the measured spectra; it might 
also be useful for evaluating the average temperature. In 
this work, we use both approaches (integration and fitting) 
for deriving CO and H2O average path mole fractions. To 

(2)k(ν) = N · Sik · f (ν − νik),

(3)N = XM
P

kBT
,

(4)A(v) = − ln

(

IS − IBG

I0 · Tr

)

=
P

kB

l2

∫
l1

Sik

T
· f (v) · XM · dl.

(5)X̃M ≡
1

L

l2

∫
l1

XM · dl

(6)
ν2

∫
ν1

A · dν =
P

kB
·
Sik

T
· X̃M · L.

determine the species concentrations, a computer code 
was written that calculates the theoretical absorption spec-
trum. The spectral simulations were performed using the 
molecular parameters tabulated in HITRAN 2012 [15] and 
HITEMP 2010 [16] databases. The molecular absorption 
line function was simulated/fitted using the Voigt profile 
[17] calculated by algorithm suggested by Humlíček [18]. 
Taken into account that the collisional broadened line width 
of the molecules (required for calculation of the Voigt pro-
file) for the studied conditions are unknown, we fitted these 
parameters in this work.

2.2  Selection Procedure

The aim of the work was a sensor capable of accurate 
determination of the key parameters in the gasification pro-
cess. The intention was to use a single diode laser for deriv-
ing more than one species and soot concentration from the 
measured spectra. Since the major species of interest was 
CO, the spectral region near 4350 cm−1 (2.3 µm) contain-
ing strong CO transitions was selected for analysis. The 
region also contains a considerable number of H2O and 
CH4 transitions.

A major criterion for the selection of the spectral inter-
val was the weak temperature dependence of the S/T 
term for CO transition(s). Based on the spectral simula-
tion performed using the molecular parameters tabulated 
in HITRAN 2012 and HITEMP 2010, the region near 
4350 cm−1 was selected as potentially attractive for the 
gasification measurements. Figure 1 shows the calculated 
absorption spectrum of CO, H2O and CH4 molecules from 
4348.8 cm−1 to 4352 cm−1 (HITRAN 2012, T = 1250 K, 
L = 50 cm). The figure also contains the experimental 
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Fig. 1  Calculated absorption and experimental transmittance spec-
tra. HITEMP 2010 and HITRAN 2012 are used for simulation of the 
absorption spectra of CO, H2O and CH4 molecules near 4350 cm−1 
(T = 1250 K, L = 50 cm). The experimental spectrum is an in-fur-
nace measurement of the gasification process
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transmittance spectrum measured inside the entrained-flow 
gasifier, see Sect. 3.1 for detailed description of the data 
treatment procedure, during the peat gasification. The tem-
perature measured by an in-furnace thermocouple located 
close to the laser beam was around 1300 K.

The selected interval contains three CO R34–R36 
(υ″ = 0 → υ′ = 2) lines, the CO R36 line is well isolated, 
the CO R35 transition overlaps with small neighboring 
CH4 lines, and the CO R34 line overlaps with H2O line 
(υ ′′

1 , υ
′′
2 , υ

′′
3 , j

′′, k′′a , k
′′
c → υ ′

1, υ
′
2, υ

′
3, j

′, k′a, k
′
c) [000(13 2 

11) → 001(14 4 10)] near 4349.337 cm−1. Analysis of the 
simulations reveals that the sum of all CH4 line intensities 
forming the CH4 feature in the vicinity of the CO R35 line 
is about 3 % from the line intensity of the R35 CO transi-
tion at the concentration level reported, see also discussion 
in Sect. 4.2. The contribution decreases at higher tempera-
tures. The spectrum has also an isolated CH4 feature near 

4349.2 cm−1, which might be useful for its concentration 
evaluation. Turning to the experimental spectrum, we note 
a good accord with the simulations regarding the position 
of the CO, H2O and CH4 transitions.

The normalized temperature dependences of the S/T term 
for the CO R35 line and the H2O line near 4349.337 cm−1 
are shown in Fig. 2. The figure shows that in the tempera-
ture range from 1100 to 1900 K the S/T term for the CO 
R35 line changes by <10 %. The term has a maximum 
value around 1500 K; at temperatures below 1100 K, the 
term decreases rapidly. We note that the neighboring CO 
lines have similar T dependence due to closeness of their 
initial energy levels. The temperature dependence of the 
H2O S/T term has maximum near 1100 K and changes by 
<20 % in the temperature range from 900 to 1500 K. The 
S/T value decreases rapidly at temperatures below 900 K; at 
temperatures above 1100 K, it reduces steadily with the rate 
~12 % per 200 K. We conclude that the selected lines have 
a very modest temperature dependence in the temperature 
range expected in our entrained-flow gasification experi-
ments, approximately 1100–1900 K. The CH4 feature near 
4349.2 cm−1 consists mainly from the transitions from 
low initial energy levels and has very strong temperature 
dependence in the gasifier temperature range, which makes 
the assumption leading to Eq. (5) invalid. Considering that, 
we decided not to attempt the quantification of CH4 here.

3  Experimental

3.1  Laser system

After the line selection procedure, the Cheetah laser sys-
tem (Sacher Lasertechnik) consisting of a controller unit 
(PILOT PC-500) and external laser head was chosen to 
generate the cw laser beam with an output power of ~3 
mW at wavelength near 4350 cm−1 with the line width 
of 1.5 MHz. Figure 3 shows the basic schematic of the 

Fig. 2  Normalized temperature dependences of the S/T term for the 
CO R35 line and the H2O line near 4349.337 cm−1

Fig. 3  TDLAS experimental 
setup. Code: D diaphragm, PD 
photodetector, BS beam splitter, 
F filter, PC personal computer, 
CC coaxial cable, V voltage
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experimental setup used for CO, H2O and soot absorp-
tion measurements in flat flames and gasification experi-
ments. The laser wavelength was tuned over a range of up 
to ~4 cm−1 in 1.1 or 11 ms by modulation of the driving 
current by the triangular shaped voltage at constant diode 
temperature (23.5 °C). The voltage was produced by the 
function generator (BK Precision 4011A) and applied 
to the controller. The initial part of the voltage ramp was 
selected to be somewhat below the generation thresh-
old. This allowed us to measure the background radiation 
required for evaluation of the quantitative data at the time 
of the scan. The collimated radiation from the laser was 
directed through the studied object (flat flame or entrained-
flow reactor). The power of the sample beam was measured 
by the InGaAs amplified detector PDA10 (Thorlabs). The 
detector signal and output voltage from the controller were 
sampled at 1 MHz by the digital oscilloscope (ME-UM202, 
Melihaus) and processed by a PC. The 1.1 and 11 ms spec-
tra were saved every 0.1 and 0.5 s, respectively. The total 
number of the scans in one series of measurements was 
100 or 1000. For all gasification and most of the flat flame 
measurements, each scan in a series was treated separately. 
In addition, for each of the gasification conditions studied, 
a number (up to 80) of scans were recorded continuously. 
An air-spaced (L = 7 cm) Fabry–Perot interferometer was 
used for frequency calibration.

For all experiments reported here, the magnitude of 
the background radiation varied by less than few percent 
on scan-to-scan basis. We further note that the magnitude 
of the transmitted (laser) signal was sufficiently large in 
comparison with the background one to limit correspond-
ing estimated uncertainty in concentration measurements 
to few percent for all gasification conditions studied. The 
overall transmission was deduced by taking a ratio of sig-
nals measured by a detector installed after the gasifier dur-
ing the gasification and when only air entered the gasifier. 
The signals were firstly corrected for corresponding back-
grounds. The spectral region selected in the given work (see 
Fig. 1) contains well-resolved spectroscopic features per-
mitting us accurate determination of broadband transmis-
sion signal from the measured spectra. The overall trans-
mittance was determined as an average of transmittance 
from a number of spectral intervals (within the selected 
wavelength region) containing no apparent spectral fea-
tures. We note that for these spectral intervals the contribu-
tion from the neighboring molecular transitions amounts to 
the absorption below ~3 × 10−3, calculated using HITRAN 
databases. It is ~2 orders of magnitude lower than mini-
mal broadband absorption observed during the gasifica-
tion experiments. We also evaluated the influence of the 
wings of the strong H2O lines located the range from 3500 
to 4300 cm−1 to the selected for diagnostic interval. It 

Fig. 4  Schematic (left part) and a photograph (right part) of the entrained-flow gasifier setup
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appeared that their contribution is below 3 × 10−5 (absorp-
tion). The tuning of the laser over the selected wavelength 
region was sufficiently fast to ensure the constancy of the 
transmission and the background signals.

3.2  Flat flame burner and entrained‑flow gasifier 
setups

The methane/air flames studied in this work were stabilized 
on a 6-cm McKenna products water-cooled sinter burner. 
The McKenna burner used in the experiments has central 
open jet with outer diameter of 1 cm [19]. The flow rates of 
methane and air were measured by calibrated Bronkhorst 
mass flow controllers. The equivalence ratio was calcu-
lated from the measured flows. A wide range of flame tem-
peratures was achieved by varying the exit velocity of the 
fuel–air mixture at constant equivalence ratio, thus varying 
the heat transfer to the burner [20]. To minimize the vari-
ation of the absorption path length with the exit gas flow 
a 60-mm-circular plate of thick stainless steel was placed 
approximately 21 mm above the burner. The experimental 
profiles were compared with the predictions of one-dimen-
sional flame calculations using GRI-Mech 3.0 chemical 
mechanism [21] and the PREMIX code from the CHEM-
KIN II [22] package.

The pilot-scale atmospheric entrained-flow gasifier, see 
Fig. 4, is cylindrically shaped with an inner diameter of 
500 mm and the height about 4 meters. The outer shell is 
made of steel protected by 200 mm of refractory and insu-
lation materials. The gasifier is equipped with thermocou-
ples at eight levels both inside the refractory and in combi-
nation with ceramic covers in the actual gas flow. Optical 
access is possible at four different levels as well as from 
the top and bottom. A constant flow of N2 was supplied to 
the glass windows to prevent their fouling. The diameter of 
tubes/openings from the reactor to the windows for opti-
cal access was 2 cm. The value of the N2 flow, 2 l/m, was 
selected (based on the sensitivity of the TDLAS measured 
concentrations to the N2 flow rate) in such a way to mini-
mize the mixing of the cold N2 with the hot gases outside 
the inner diameter of the reactor. The absorption measure-
ments taken at the constant gasification condition showed 
very modest decrease in the measured quantities, <7 %, 
with an increase in the N2 flow from 0.5 to 4 l/m. The data 
suggest that the penetration of the N2 gas into the gasifier 
core is modest for the flow range applied, and the effective 
path length of our laser measurements is close to that of the 
inner diameter of the gasifier (50 cm).

The gasifier was run air-blown with powder from peat 
as a fuel. The particle size distribution of the peat pow-
der and its chemical compositions are given in Table 1. 
All experiments are performed at P = 1 atm. The power 
was constrained to ~100 kWth during the whole set of 

operational points; by controlling the burner air flow, the 
equivalence ratio was changed. The fuel was pneumati-
cally feed from the feed hopper entering the gasifier cen-
trally in the top mounted burner. The burner used in cam-
paign was completely axial forming a jet type of flame. 
After the gasifier, the syngas is combusted in a boiler by 
addition of heated air before evacuation through the flue 
gas stack. Before the boiler, the syngas is sampled and 
analyzed by a µGC (micro-gas chromatograph Varian 490 
GC with molecular sieve 5A and PoraPlot U columns). 
An additional gas stream, see Fig. 4, was sampled just 
outside the exit of the gasifier to determine the concen-
tration and size distributions of soot in the syngas by 
an electrical low pressure impactor (ELPI) produced by 
Dekati.

3.3  Evaluation of soot concentration

Provided that the broadband reduction in the signal inside 
the gasifier is caused predominantly by the soot absorption 
and assuming that soot particles are isotropic spheres, the 
quantitation of the soot is possible using the following rela-
tion from the measured transmittance

where fv is the soot volume fraction, λ is the wavelength, 
E(m) is the absorption function, m is the complex refractive 

(7)fv =
− ln (Tr) · �

E(m) · 6π · L
,

Table 1  Fuel analysis

Peat

Powder size distribution (wt%)

 <40 µm 23.8

 <75 µm 43.1

 <125 µm 61.8

 <250 µm 87.8

 <500 µm 98.9

 <1000 µm 99.7

Proximate analysis (wt%, as received)

 Moisture 9.5

 Volatiles 58.4

 Fixed carbon (by difference) 26.8

 Ash 5.3

Ultimate analysis (wt% dry)

 C 53.6

 H 5.7

 O (by difference) 32.4

 N 2.22

 S 0.267

Calorimetric analysis (MJ/kg dry)

 Lower heating value 20.42
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index of the soot particles. It was reported by Simonsson 
et al. [23] that for mature soot the absorption function is 
constant in the wavelength interval 685–1064 nm. Our 
recent soot absorption measurements taken using visible 
(635 nm) and IR (1400 nm and 2300 nm) lasers point also 
out on the very modest variation of the absorption function, 
within 20 %, for the mature soot for the wavelengths used. 
The measurements were taken in a number of C2H4/O2/N2 
sooty flat flames at the equivalence ratios similar to those 
used during our gasification experiments, and the aerody-
namic mean diameters of the soot particles measured by 
ELPI in the flat flames (up to 200 nm) and the exit of the 
gasifier (100–160 nm) were similar. In this work, we used 
E(m) value 0.35 (following the publication [23]) to quantify 
the soot concentration. We recognize that the optical prop-
erty of soot formed in the pilot-scale gasifier might still 
be somewhat different from that formed in the laboratory-
scale ethylene flames due to formation of metal containing 
nano-carbon particles [24] from the ash forming elements 
in the fuel. However, at the moment we have no available 
data allowing us to quantify the difference, see also the dis-
cussion in Sect. 4.2.

4  Results and Discussion

4.1  Flat flame measurements

At first, we demonstrate the application of two, described 
above, procedures (integration and fitting) for deriving CO 
and H2O concentrations from absorption spectra measured 
in the well-defined one-dimensional fuel-rich methane–air 
flames. The measurements were taken at a height of 5 mm 
above the burner surface in the burner-stabilized flames at 
fuel equivalence ratios ϕ = 1.2 and 1.3. The selected flames 
have a sizable CO and H2O equilibrium concentrations, 
which, as detailed flame calculation demonstrates, are 
reached within 2 mm from the burner surface. Furthermore, 
the equilibrium CO and H2O concentrations are weak func-
tion of the flame temperature at a given equivalence ratio. 
For example, the CO mole fraction varies from 5.6 to 6 % 
in the temperature range from 1700 to 2000 K at ϕ = 1.3. 
The laser beam did not pass above the center of the burner, 
but was radially shifted by ~15 mm. The projection of the 
laser beam to the burner surface equaled to 5.1 cm, and this 
distance was taken as the absorption path length in the cal-
culations/fittings. We used the predicted flame temperatures 
for the evaluation of the measured concentrations.

Figure 5a–d shows examples of the measured, calculated 
and fitted spectral features selected for the quantitative 
diagnostics of H2O and CO molecules. Figure 5a shows the 
measured transmittance and calculated absorption (using 
HITEMP 2010) spectra near the R35 CO transition. The 

experimental spectrum is measured in methane–air flame at 
ϕ = 1.3 at the flow rate of the cold gases 16 l/m. The calcu-
lated spectrum was simulated using the following concen-
trations and temperature [H2O] = 18.1 %, [CO] = 5.8 % 
and T = 1881 K obtained from 1-D flame simulations, 
see above. The spectra were calculated in the wavenumber 
range from 4345 to 4355 cm−1 with a step of 0.005 cm−1. 
The figure shows both molecular absorption spectra of 
H2O and CO and their sum. The HITEMP calculations 
reveal that even at that relatively high flame temperature, 
the R35 CO transition is practically free from any sizeable 
interference with H2O lines. The calculations show that 
the sum of all H2O line intensities in the spectral interval 
from 4350.5 to 4350.9 cm−1 is <2 % from the line intensity 
of the R35 CO transition for T = 1881 K. The value gets 
lower with the decrease in temperature. Further, we per-
formed the spectral integration of the experimental absorp-
tion spectrum (see Fig. 5b) and received the value of 5.3 % 
as the flame CO concentration [using Eq. (6)]. The differ-
ence between the calculated equilibrium CO concentration 
and the obtained value is about 10 %, which we consider 
as a very good agreement. Important source of the uncer-
tainties in the integration method is the finite extent of the 
absorption profile. To estimate the effect of the finite extent 
of the absorption profile for CO concentration, we simu-
lated the molecular spectrum of a single R35 CO transition 
([CO] = 5.9 % and T = 1881 K). The simulations contin-
ued over the spectral interval with a width of 200 cm−1; 
the middle of the interval was centered on the peak values 
of the transition; all other transitions in the interval were 
not included in the calculations. The absorption integrated 
over the interval extended ±100 cm−1 from the line center 
resulted in the CO concentration equal to the nominal CO 
concentration, but the value calculated over ±0.15 cm−1 
interval (typically used for the treatment of the experimen-
tal spectra) was about 10 % lower. While performing these 
spectral simulations, we calculated collisional broadened 
line widths via the following relation

where γM and γair are self- and air-broadened line widths 
for molecule M, n is the temperature dependence coeffi-
cient. Self- and air-broadened line widths are tabulated in 
the HITEMP databases. At the flame and especially gasi-
fication conditions, the composition of the perturbing gas 
deviates significantly from that of the air. To account for 
the effect of the finite extent of the absorption profile on 
the concentration, we decided to spectrally fit the meas-
ured absorption spectra using the tabulated line intensity 
of the CO R35 transition (reported with uncertainty better 
than 5 %). The fitted parameters were the background, the 
CO concentration and the combustion products mixture 

(8)γ = P ·

(

296

T

)n

· (γM · XM + γair · (1− XM))
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broadened line width. Figure 5b includes the fitted spec-
trum; the fitted concentration is 5.76 %, and the fitted 
background is shown in the figure as a green line. The 
collisional CO line width calculated using the fitted data 
is about 30 % bigger than one calculated using the air-
broadened line width for the CO R35 transition tabulated 
in the database. The result is perhaps not unexpected since 
H2O molecule is generally more efficient quencher than 
air. Below, reporting the CO concentration evaluated from 
the CO R35 transition, we will provide the fitted data. The 
spectral integration provided the values approximately 
10 % lower than the fitted data for all studied gasification 
and flame environment (the difference was never more than 
15 %).

Figure 5c shows the measured transmittance and calcu-
lated absorption (using HITRAN 2012 and HITEMP 2010) 
spectra near R34 CO transition. The measurements are 
taken in methane–air flame at ϕ = 1.3 at the flow rate of 
the cold gases 10 l/m. The calculated spectra were simu-
lated using the following concentrations and temperature 
[H2O] = 18.1 %, [CO] = 5.6 % and T = 1812 K. The 
HITRAN 2012 database, apart from the H2O spectral line 

near 4349.337 cm−1, includes a number of high-tempera-
ture H2O transitions in the selected spectral region, how-
ever, none of which appeared to be of any sizable influence 
on the selected CO and H2O transitions. The HITEMP 
2010 database includes a large number of high-level H2O 
lines contributing to the spectral feature. Apart from two 
transitions at 4349.301 and 4349.316 cm−1, the line inten-
sities of these transitions are below than 1 % of the H2O 
spectral line near 4349.337 cm−1. The sum of two H2O 
line intensities is <8 % from the line intensity of the H2O 
line near 4349.337 cm−1 for the given temperature (the 
value reduces to <3 % for T = 1500 K). In the tempera-
ture range from 1500 to 2000 K, the line intensity of H2O 
transition at 4349.316 cm−1 is about five times larger than 
that at 4349.301 cm−1. We note that HITRAN 2012 and 
HITEMP 2010 databases report the same molecular param-
eters for the H2O transition at 4349.337 cm−1. Considering 
above and taking into account the large uncertainties in the 
molecular parameters of the high-level H2O lines (the line 
intensities, for example, are known with uncertainties 20 % 
and worse) and their relatively small contribution to the 
overall spectral feature, we decided to fit the experimental 

Fig. 5  Measured, calculated and fitted spectral features selected for 
the quantitative diagnostics of H2O and CO molecules. The measure-
ments were taken in flat CH4/Air flames at ϕ = 1.3 at 16 l/m (a, b) 
and 10 l/m (c, d). a Measured transmittance spectrum and the CO and 
H2O absorption spectra calculated using HITEMP 2010. b Fitted and 

experimental absorption spectra. c Measured transmittance spectrum 
and the CO and H2O absorption spectra calculated using HITEMP 
2010 and HITRAN 2012. d Fitted and experimental absorption spec-
tra. The green horizontal line in c and d shows the fitted background, 
see text for more details
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spectra using two methods. In the first method, we use two 
molecular transitions tabulated in HITRAN 2012 data-
base (the R34 CO transition and the H2O spectral line near 
4349.337 cm−1) for fitting. In the second, we add to these 
two transitions the H2O spectral line at 4349.316 cm−1 
from HITEMP database. Figure 5d shows the measured and 
fitted (method 1) absorption spectra; the fitted background 
is included in the figure as a green line. The fitted CO and 
H2O concentrations were 6.1 and 17.5 %, respectively, 
within 10 % from the corresponding equilibrium concen-
trations. The fitted CO and H2O concentrations (method 2) 
were 6.1 and 16.4 %. The difference between the H2O con-
centrations fitted using two methods is approximately 6 %. 
We deduced the similar difference for other flames studied 
here. Considering relatively small difference between the 
concentrations evaluated using two methods, we selected 
the method 1 for representation of the flame and gasifica-
tion results.

Figure 6 shows the ratio of the calculated to measured 
H2O (a) and CO (b) concentrations 5 mm above the burner 
surface as a function of the flow rate of the cold gases. 
Figure 6b shows the experimental CO concentrations 

derived as explained above using the fitting routines for the 
R34 and R35 lines. The spectral feature near 4349.4 cm−1 
was used to fit simultaneously the H2O and CO con-
centrations. The line intensity of the H2O transition at 
4349.337 cm−1 is known with uncertainty better than 10 %. 
Figure 6a includes also the calculated temperatures at a 
5 mm distance from the burner. The ratios are reported for 
the temperature range from 1770 to 1960 K. The CO ratios 
are within approximately 10 % from unity for the flow rates 
from 8 to 30 l/m for all CO lines studied. We also derived 
the CO concentration via fitting of the CO R36 line (not 
reported in Fig. 6b), and the received values were within 
10 % from the corresponding equilibrium values. The H2O 
ratio is also within approximately 10 % from the unity and 
slightly increases with the decrease in flow rate. We attrib-
ute the behavior to the presence of the unaccounted high-
temperature lines. In general, the evaluated CO and H2O 
concentrations are in quantitative agreement with calcu-
lations. For the studied flat flames, the overall calculated 
uncertainty in the CO measurements is 10 % and that for 
H2O is 15 %.

(a)

(b)

Fig. 6  Ratio of the calculated to measured H2O concentration and 
calculated T (a) and ratio of the calculated to measured CO concen-
tration (b) at 5 mm above the burner surface as a function of the flow 
rate of the cold mixture
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dry CO concentration are included (a). The vertical lines mark the 
change of β
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4.2  Measurements in the gasifier

Having tested the experimental procedures for deriving 
the species mole fractions in well-defined conditions, we 
attempted in situ TDLAS measurements inside the gasifier. 
Figure 7 shows the average path CO and H2O mole frac-
tions (a) and the transmittance and the average path soot 
concentration (b) measured as a function of time during the 
peat gasification. The vertical lines in the figure mark the 
time when the air equivalence ratio β = 1/ϕ was changed. 
Every symbol in the figure represents the average of 100 
or 1000 scans (each scan in a series was treated sepa-
rately), and the duration of the scans were 1.1 or 11 ms, 
as explained in Sect. 3.1. The measured CO concentration 
was evaluated for the R35 and R34 lines, the former using 
the integration and fitting routines and the latter via the fit-
ting routine. The concentrations reported in Fig. 7a were 
evaluated using the fitting routine, see the previous section. 
The average H2O and CO mole fractions are reported at 
β = 0.7, 0.5 and 0.35. For deriving the concentrations, we 
used the process temperature measured by the thermocou-
ple inserted in the actual gas flow at the level closest to the 
laser level, see Fig. 4. The process temperature is included 
in Fig. 7a. The temperature measured by the thermocou-
ple located at the same level inside the refractory was 
approximately 150 K lower during the whole measurement 
domain. Since the sensitivity of the selected molecular 
transitions to the temperature is very mild within expected 
temperature variations inside the gasifier, see Fig. 2, we do 
not expect any considerable influence of this parameter on 
the measured concentrations.

Figure 7a shows that two measured CO profiles (R35 
and R34 lines) agree excellently with each other being 
within 5 % in the measurement domain. The CO data 
demonstrate clear dependence on β, and the CO mole frac-
tion enhances with the decrease in air equivalence ratio. 
The reactor core TDL CO measurements are well corre-
lated with the soot concentration measurements (Fig. 7b 
and discussion below) exhibiting the qualitatively simi-
lar dependence on β. The average path H2O mole frac-
tion reduces with the decrease in air equivalence ratio . 
Figure 7a also includes the µGC dry CO concentrations, 
the comparison of the TDL and µGC CO data reveals that 
the µGC data lie above the corresponding TDL meas-
urements; however, the difference between two profiles 
is generally within 10 %. We note here that the conver-
sion of the TDL CO data into an equivalent dry basis 
(using measured TDL H2O concentration) would make 
the agreement even better. We report that CH4 concentra-
tions measured by µGC were below 1 % for the condi-
tions studied in this work and the ratio of the µGC CO 
to the µGC CH4 concentration was always below 15. Tak-
ing into account that the measured spectra do not suggest 

the presence of (sizably) larger than measured by µGC 
CH4 concentration, we believe that the reported CO R35 
concentration is affected by the neighboring CH4 transi-
tions by <2 %, see also Sect. 2.2. We estimated the overall 
uncertainty of our CO measurements on the level of 15 % 
and the H2O measurements 20 %.

Turning now to the soot concentration and transmittance 
measurements, we note that the data reported in Fig. 7b are 
shown for four air equivalence ratios. We report addition-
ally the data at β = 1.2; the gasifier operates in the combus-
tion mode at this equivalence ratio. The figure shows that 
~90 % of the laser light is transmitted at β = 1.2. Since, 
no soot should be formed at these conditions; we think 
that the attenuation of the laser intensity might be caused 
by the fly ashes, see Table 1. We would like to emphasize 
here that when applying the sensor to the gasification of 
fuels containing significantly lower percent of ashes, we 
did not detect any noticeable losses of the laser intensity 
at β = 1.2. The values of soot shown in Fig. 7b were cal-
culated using Eq. (7), and the possible contribution from 
the ashes to the laser light attenuation was unaccounted and 
amounts to ~0.06 ppm.

Rather unexpected degree of the agreement between the 
TDL and µGC CO data, apart from providing an additional 
confidence in our data, treatment procedure suggests that at 
the TDL location the CO concentration reached (or being 
very close to) its stationary value for all gasification condi-
tions studied. The observation is further supported by anal-
ysis of single-scan data. We report that practically all meas-
ured single-scan spectra were not visually disturbed. The 
circumstance means that at the TDL measurement location 
there were no fast disturbances in our gasification system. 
We do also expect that the unburned fuel concentration at 
the measurement location was very low.

To illustrate the scan-to-scan variation of the TDL meas-
ured parameters, we plot in Fig. 8 the CO and H2O mole 

Fig. 8  CO and H2O mole fractions and the soot concentration meas-
ured over 100 consequent scans, see text for more details
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fractions and the soot concentration measured over 100 
consequent scans. The duration of each scan was 11 ms. 
The CO mole fractions are presented for two selected for 
diagnostic transitions. The scans were performed during 
the peat gasification at β = 0.5, and the corresponding 
averaged values of the concentrations are shown in Fig. 7 
at time 13:38. The data are plotted as a function of time, 
and the time difference between two scans is 0.5 s. The 
variation in the CO mole fractions and the soot concentra-
tion are very well correlated with each other. The standard 
deviation of these parameters is around 6 % and that of 
H2O mole fraction is around 17 %. Since the evaluation of 
the CO mole fraction and soot concentration, in principle, 
is decoupled from each other, we are inclined to think that 
the variation is related to the actual change in the equiva-
lence ratio of the gasification process due to the biomass 
flow variation. We observed similar variations of the con-
centrations at other equivalence ratios studied. We note 
that the soot concentration evaluated from the scans meas-
ured continuously shows only very modest scan-to-scan 

variation on the level of few percent. Figure 9 shows the 
single-scan experimental and fitted absorption spectra of 
the spectral features at 4350.7 cm−1 (a) and 4349.4 cm−1 
(b). The fitted concentrations are shown in Fig. 8 at time 
0.5 s. Defining the detectable limit as the mole fraction giv-
ing an absorption of the same magnitude as the noise, we 
estimated (from Fig. 9) the single-scan detectable limit of 
~1000 ppm for CO and ~3000 ppm for H2O for the cur-
rent setup. Improvement in the detectable limit requires the 
increase in transmitted signal to background radiation ratio.

We also compared the fitted CO and H2O collisional 
broadened line widths with those calculated using the data 
tabulated in the HITRAN databases via Eq. (8). At the gasi-
fication conditions, the composition of the perturbing gas 
deviates significantly from that of the air, so the purpose of 
the exercise was to evaluate the effect of the environment 
on the spectroscopic parameters determining the line width. 
It appeared that for all gasification conditions studied in this 
work, the obtained H2O collisional broadened line widths 
were within 10 % from those calculated using Eq. (8). The 
fitted collisional CO line widths were bigger than the cal-
culated ones, and the difference increased from 15 to 22 % 
with the decrease in β. The drawn comparison suggests that 
there is no significant effect of the environment (syngas or 
air) on the collisional line width of the selected H2O line 
and for the CO lines, the effect is noticeable.

5  Conclusions

The TDLAS sensor near 4350 cm−1 (2.3 µm) is developed 
for measurements of the CO and H2O mole fractions and 
the soot volume fraction under gasification conditions. The 
sensor was tested in flat flames; comparison of the measured 
CO and H2O concentrations with the results of 1-D com-
putation made using detailed chemistry of GRI-Mech 3.0 
shows a very good agreement, generally better than 10 %. In 
situ tunable laser diode direct absorption measurements of 
the average path CO, H2O mole fractions and soot volume 
fraction inside pilot-scale atmospheric-pressure air-blown 
entrained-flow gasifier are reported. The estimated uncer-
tainties in the reactor core CO and H2O measurements are 
15 and 20 %, respectively. The reactor core TDL CO and 
soot measurements are well correlated with the changes in 
equivalence ratio; the CO and soot concentrations increase 
with the decrease in air equivalence ratio. The TDL CO 
measurements are in quantitative agreement with the CO 
µGC measurements taken at the gasifier output.

Acknowledgments This work has been performed within the plat-
form for entrained-flow gasification (Bio4Gasification) in the Swed-
ish Centre for Gasification financed by the Swedish Energy Agency 
and the member companies.

Fig. 9  Single-scan experimental and fitted absorption spectra near 
4350.7 cm−1 (a) and 4349.4 cm−1 (b). The measurements were taken 
in the reactor core of the gasifier running at air equivalence ratio 0.5. 
BG is the fitted background
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Abstract 

Tunable diode laser absorption spectroscopy (TDLAS) was used to measure several important process pa- 
rameters at two different locations inside the reactor of an atmospheric, air-blown 0.1 MW th biomass gasifier. 
Direct TDLAS at 2298 nm was employed for carbon monoxide (CO) and water vapor (H 2 O), calibration-free 
scanned wavelength modulation spectroscopy at 1398 nm for H 2 O and gas temperature, and direct TDLAS 

at 770 nm for gaseous elemental potassium, K(g), under optically thick conditions. These constitute the first 
in situ measurements of K(g) and temperature in a reactor core and in biomass gasification, respectively. In 

addition, soot volume fractions were determined at all TDLAS wavelengths, and employing fixed-wavelength 

laser extinction at 639 nm. Issues concerning the determination of the actual optical path length, as well as 
temperature and species non-uniformities along the line-of-sight are addressed. During a 2-day measurement 
campaign, peat and stem wood powder were first combusted at an air equivalence ratio (lambda) of 1.2 and 

then gasified at lambdas of 0.7, 0.6, 0.5, 0.4 and 0.35. Compared to uncorrected thermocouple measurements 
in the gas stream, actual average temperatures in the reactor core were significantly higher. The CO concen- 
trations at the lower optical access port were comparable to those obtained by gas chromatography at the 
exhaust. In gasification mode, similar H 2 O values were obtained by the two different TDLAS instruments. 
The measured K(g) concentrations were compared to equilibrium calculations. Overall, the reaction time was 
found to be faster for peat than for stem wood. All sensors showed good performance even in the presence 
of high soot concentrations, and real-time detection was useful in resolving fast, transient behaviors, such 

as changes in stoichiometry. Practical implications of in-situ TDLAS monitoring on the understanding and 

control of gasification processes are discussed. 
© 2016 by The Combustion Institute. Published by Elsevier Inc. 
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1. Introduction 

Development of robust and accurate monitor- 
ing devices for control of practical energy systems 
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is important [1] . At present, tunable diode laser ab- 
sorption spectroscopy (TDLAS) is one of the most 
successful and rapidly developing technologies ap- 
plied in practical systems [2] . TDLAS sensors en- 
able fast and calibration-free in situ measurements 
of both gas temperature ( T ) and species concentra- 
tions, which has already been demonstrated in full 
sized coal fired power plants [3] and waste incinera- 
tors [4] . Another system, where TDLAS can make a 
significant contribution, is biomass-fired entrained- 
flow gasification (EFG) aimed to produce gas for 
heat and power generation, chemicals and motor 
fuels. Investigations in pilot-scale EFGs for wood 

powder [5] and black liquor [6] have shown a large 
potential for efficiency increase, which is needed for 
commercialization. 

During EFG of biomass, small fuel parti- 
cles ( < 1 mm) react with a controlled (under- 
stoichiometric) amount of air, oxygen and/or steam 

at high T ( > 1000 °C), producing an energy-rich 

gas mainly consisting of H 2 , CO, CO 2 , H 2 O, and 

CH 4 [7,8] . High amounts of dust are present that 
consists of unconverted char, large fly ash par- 
ticles [9] and submicron particles including both 

soot and volatile ash forming elements [10] . Often, 
gaseous potassium (K) compounds, mainly atomic 
K, potassium chloride (KCl) and potassium hy- 
droxide (KOH), and fly ash particles containing K 

form a corrosive melt on the walls of the reactor 
that can break down the ceramic insulation [9] . The 
harsh environment inside the reactor is problematic 
with respect to process monitoring using intrusive 
methods. 

Traditionally, the reactor temperature is mea- 
sured by thermocouples (TCs) installed in the re- 
fractory lining or the gas stream, and the gas com- 
position is analyzed with gas chromatography (GC) 
in the syngas pipe downstream of the reactor [8] . 
Since the TC reading is heavily biased by heat trans- 
fer from the gas to the refractory lining, and by ac- 
cumulating deposits, accurate gas temperature as- 
sessment is often not possible without complex cor- 
rection methods. Also, the gas composition may 
change when the gas cools down in the gasifier 
quench prior to GC analysis. Established monitor- 
ing systems often are too slow to adequately re- 
spond to sudden changes in the reactor process, 
thereby posing a risk to plant security. In addi- 
tion, experimental data from inside the reactor core 
is needed for a better understanding of the gasifi- 
cation process itself. Thus, there is a large incen- 
tive to develop fast in situ sensor systems based on 

TDLAS. 
Some encouraging results from pressurized coal 

fired gasifiers have been presented by the Hanson 

group at Stanford University [11–13] . Most of the 
data, i.e. concentrations of CO, CO 2 , CH 4 , and 

H 2 O, were, however, collected downstream of the 
hot reactor in the relatively cold flue gases, only 
temperature was measured inside the hot reactor 
core ( T ∼1400 °C) [11] . Other groups have used 

TDLAS to measure low concentrations of K(g) in 

the flue gas of an industrial coal combustion plant 
[14] and to detect HCl, H 2 O and CO in the reactor 
core of a biomass gasifier [15,16] . 

In this paper, we report on progress regarding 
the development and application of TDLAS sen- 
sors for real-time in situ measurement of gas tem- 
perature, species concentration (CO, H 2 O, elemen- 
tary K) and soot particle volume fraction inside the 
reactor core ( T > 1100 °C) of a biomass-fired EFG. 
With an eye on the potential of the TDLAS for pro- 
cess control and understanding, we investigated the 
sensitivity of the parameters to variations in gasi- 
fication conditions (fuel, stoichiometry) at two dif- 
ferent locations in the reactor. The obtained data 
are compared to thermocouple and GC readings, 
as well as to chemical equilibrium calculations for 
potassium. 

2. Experimental setup and procedure 

2.1. Reactor facility 

The experiments were conducted in an 4 m long, 
air-blown, atmospheric EFG ( Fig. 1 ) operated at 
0.1 MW th [17] . The gasifier has the shape of a 
standing cylinder with flat top and conical bottom. 
The reactor core has an inner diameter of 50 cm 

and is enclosed by 20 cm of refractory lining in the 
outer steel shell. The fuel was pneumatically feed 

from a feed hopper and entered the EFG centrally 
from the top through an axial burner forming a jet 
type of flame. The average fuel consumption rate 
during operation was ∼20.2 kg/h. Before initial in- 
troduction of the biomass, the EFG was preheated 

by oil combustion. After the reactor, the gaseous 
products were burned in a boiler. Two powder fu- 
els were used (Table S1), one consisting of peat 
(Peat, 5.7% ash, 0.058% K), the other of stem wood 

from pine and spruce (Wood, 0.3% ash, 0.034% K). 
Compared to Wood, Peat has a lower volatile con- 
tent and a finer powder size distribution. Down- 
stream, a part of the reactor gas was withdrawn 

and its composition analyzed using GC with a ther- 
mal conductivity detector (GC-TCD). The temper- 
ature in both refractory lining and the center of the 
gas stream was measured close to the optical ac- 
cess ports with K -type TCs installed in 8 mm Al 2 O 3 
tubes for protection. 

Helium was seeded (5 l/min) to the burner to 

enable absolute quantification of the total amount 
of gas produced (Table S2) and the species mea- 
sured by GC-TCD. Given the known initial carbon 

content in the fuel and the produced amounts of 
CO, CO 2 , CH 4 , C 2 H 2 and C 2 H 4 , the carbon con- 
verted to gas phase was calculated. Assuming that 
all unconverted carbon turns into soot, and using a 
soot particle density of 1.84 g/cm 

3 [18] , soot volume 
fractions could be estimated from the GC data. 
Below, the soot volume fraction estimated in this 



A. Sepman et al. / Proceedings of the Combustion Institute 36 (2017) 4541–4548 4543 

Fig. 1. (a) Photograph of the biomass gasifier at SP ETC Piteå, Sweden, (b) schematic of the gasifier including the op- 
tical access port configuration and the experimental TDLAS sensor setup, DAQ-data acquisition system, (c) top-view of 
Port 2. 

way will be referred to as unburned carbon fraction 

(UCF). 

2.2. TDLAS sensor setup 

A direct TDLAS system (Sensor 1) at 2298 nm 

was employed for calibration-free measurements 
of CO and H 2 O [19] . The laser wavelength was 
tuned over a wavenumber range of up to 4 cm 

−1 

in 1.1 ms or 11 ms by modulating the laser current 
with a triangular wave, and spectra were saved ev- 
ery 0.1 s. The CO and H 2 O concentrations reported 

below represent the average of a measurement se- 
ries (1000 scans), where each spectrum was eval- 
uated separately. The single scan detection limits 
were 1000 ppmv for CO and 3000 ppmv for H 2 O, 
and the estimated uncertainties in the reactor core 
were 15% and 20% for CO and H 2 O, respectively. 
The initial part of the voltage ramp was below the 
laser threshold, which allowed determination of the 
background radiation at the time of the scan. 

A second TDLAS system (Sensor 2), based 

on distributed feedback lasers, was used to si- 
multaneously measure H 2 O and T at 1398 nm 

with calibration-free scanned wavelength modula- 
tion spectroscopy (CF-WMS) [20,21] , and K(g) at 
769.9 nm with direct TDLAS [22] . The laser scan 

frequencies were 80 Hz and 200 Hz and the scan 

ranges 2.3 cm 

−1 and 4 cm 

−1 , respectively. A CF- 
WMS modulation frequency of 8 kHz was em- 
ployed. Each recorded spectrum was an average 
of ten scans. Temperature was assessed by two- 
line thermometry on H 2 O transitions with lin- 
ear T dependence in the range 1200–1800 K [20] . 
The CF-WMS fitting procedure allows simultane- 
ous determination of wavelength-dependent mod- 

ulation amplitude, H 2 O concentration and tem- 
perature from a single curve fit to a group of 
1f- or dc -normalized 2f-WMS lineshapes. The de- 
tection limit for H 2 O was 1000 ppmv. Measure- 
ment uncertainties of 1% for H 2 O and 50 K for 
temperature have previously been determined un- 
der homogenous conditions in a flat flame with 

known path-length [21] . The K(g) setup had a dy- 
namic range of 40 pptv ·cm to 40 ppmv ·cm and 

was adapted for measurements under optical thick 

and partially opaque conditions, which, given the 
large product of linestrength and path length, can 

easily occur for typical K(g) concentrations in 

gasification. 
Sensors 1 and 2 were also used to detect soot via 

transmittance variations in the baseline. For the se- 
lected port locations and laser scanning rates, the 
variation due to soot manifested itself as broad- 
band (wavelength-independent) reduction of the 
transmitted signal, while for fuel particles the spec- 
tra were distorted. In addition, soot was deter- 
mined by laser extinction (LE) at 639 nm (Sensor 
3). From the transmittance, soot volume fractions 
were calculated following the approach in [23] , 
with the refractive index supplied by Chang and 

Charalampopoulos [18] reported for wavelengths 
0.4–40 μm. The integration of the three sensors 
in the reactor setup is schematically shown in 

Fig. 1 (b). For Sensor 2 (laser beam diameter 1 mm), 
single scans were practically undisturbed ( < 1% 

disregarded spectra) during the whole campaign. 
The same was true for 1.1 ms scans recorded with 

Sensor 1 (5 mm beam diameter). In contrast, the 
11 ms scans were more often distorted (up to 50% 

disregarded spectra), probably due to unburned 

fuel particles crossing the laser beam. For all LE 
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Table 1 
Location of the sensors during the 2-day campaign. 

Sensor Technique Detection Wavelength Day 1 – Peat Day 2 – Wood 
[nm] a.m. p.m. a.m. p.m. 

1 Direct TDLAS CO, H 2 O, soot 2298 Port 2a Port 1 Port 1 Port 2a 
2 CF-WMS T , H 2 O, soot 1398 Port 1 Port 2a Port 2a Port 1 
2 Direct TDLAS K(g) 769.9 Port 1 Port 2a Port 2a Port 1 
3 LE Soot 635 Port 2b Port 2b Port 2b Port 2b 

measurements a particle size much smaller than the 
laser wavelength was assumed. 

The optical access port windows, mounted on 

extensions (diameter 2 cm) to the gasifier wall, were 
flushed with N 2 to prevent window fouling and the 
intrusion of reactor gases into the extensions. The 
influence of the N 2 flow on the measured species 
was investigated for flow rates from 0.2 to 20 l/m. 
An intrusion of the reactor gases into the exten- 
sions was not noticed, and the concentrations de- 
creased slightly with increasing N 2 flow rate. A flow 

rate of 2 l/m was chosen for the campaign, and in 

the following, the optical path length is considered 

equal to the inner diameter of the gasifier. 
In order to minimize the effects of potential 

temperature and gas non-uniformities, we selected 

transition with a modest or linear T dependence. 
In the range 1200–1800 K, the two H 2 O transi- 
tions used by Sensor 2 allow determination of the 
density-weighted path-averaged temperature [24] , 
which was then used to convert H 2 O column den- 
sity to concentration. The linestrength/ T ratio of 
the CO R34 and R35 transitions used by Sensor 1 
changes only within 10% between 1000 and 1900 K, 
which enables calculation of the CO concentra- 
tion directly from the integrated absorbance. The 
linestrength of the H 2 O transition at 2299.2 nm 

changes within 15% between 1100 and 2000 K, 
therefore, the column density obtained from the 
spectra (using T from Sensor 2), could be con- 
verted to H 2 O concentration. Similarly, the K(g) 
column density was determined employing the av- 
erage H 2 O temperature, and then converted to K(g) 
concentration. The linestrength of the D1 potas- 
sium transition changes about 40% in the interval 
1000–1800 K. 

2.3. Experimental procedure 

A 2-day measurement campaign firing Peat 
(Day 1) and Wood (Day 2) was conducted in the 
EFG using the described sensor systems. In the 
morning of Day 1, Sensor 2 was measuring at the 
upper Port 1, whereas Sensors 1 and 3 were in- 
stalled at the lower Port 2 ( Fig. 1 (c)). In the after- 
noon of Day 1, Sensors 1 and 2 switched position. 
On Day 2, Sensor 1 started out at Port 1 and was 
at Port 2 in the afternoon, whereas it was the op- 
posite for Sensor 2. The different sensors and mea- 
surement locations during the campaign are sum- 

marized in Table 1 . On both campaign days, in the 
morning and in the afternoon, the gasifier was first 
run in the combustion mode at an air equivalence 
ratio (lambda) of 1.2, and then in the gasification 

mode, successively going through lambdas 0.7, 0.6, 
0.5, 0.4 and 0.35. The main results obtained during 
the campaign are summarized in Fig. 2. 

3. Results and discussion 

3.1. Temperature,. carbon monoxide and water 
vapor 

Figure 2 (a) and (b) present time-resolved TD- 
LAS data of the density-weighted path-averaged T 

in the reactor core of the EFG for Peat and Wood, 
respectively. The figures also displays the corre- 
sponding lambda and the temperature recorded by 
the TCs at the center of the reactor. For both fuels, 
the temperatures were highest (around 1870 K) in 

the combustion mode at Port 1, and about 300 K 

lower at Port 2. This suggests that maximum heat 
release occurs upstream of Port 2 for both fuels 
at this lambda. In gasification mode, the measured 

temperature is significantly lower and little affected 

by changes in equivalence ratio. In Wood gasifica- 
tion, T variations are larger ( ∼100 K) compared 

to Peat (50–75 K), probably caused by larger vari- 
ations in the feeding of the Wood powder. For 
both fuels and ports, and all stoichiometries, the 
TC readings were considerably lower than the tem- 
perature measured by TDLAS, the difference being 
largest in combustion. This is in accordance with 

the estimated radiative correction factor for TCs, 
which is about 500 K under optically thin (combus- 
tion) conditions, and decreases with increasing soot 
concentration in the gasification mode. The radi- 
ation correction for the combustion mode was es- 
timated similar to that in [25] . The correction as- 
sumed a protective tube with a diameter of 6 mm 

and emissivity of 0.41 (aluminum oxide at 1500 K), 
and an estimated flow velocity around the TC of 
4 m/s, resulting in a Nusselt number of 6.72 (exter- 
nal flow around cylinder). 

Figure 2 (c) and (d) show CO and H 2 O TD- 
LAS data as well as dry CO measured by GC for 
Peat and Wood, respectively. The Sensor 1 CO and 

Sensor 2 H 2 O concentrations are reported in real 
time, whereas the Sensor 1 H 2 O results are given as 
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Fig. 2. Results of the TDLAS measurements at Ports 1 and 2 of the EFG reactor firing Peat (Day 1, left column) and Wood 
(Day 2, right column) at lambdas of 1.2, 0.7, 0.6, 0.5, 0.4 and 0.35. (a and b) lambda, density-weighted path-averaged gas 
temperature (Sensor 2, S2) and gas stream TC reading, (c and d) CO, H 2 O (Sensor 1, S1), CO (GC) and H 2 O (Sensor 2), (e 
and f) transmission at 1389 nm, K(g) concentration (Sensor 2) and equilibrium values. At all times during the campaign, 
Sensors 1 and 2 were installed at different ports. Black lines constitute a Savitzky–Golay smooth of the real-time data (red, 
circular markers). Representative error bars assuming a ± 100 K uncertainty in temperature were added to the calculated 
K(g) equilibrium values. 

average value for each lambda to increase readabil- 
ity. As expected, and in accordance with the GC 

data, CO increases with decreasing lambda for both 

fuels and ports. At Port 2, CO is slightly higher than 

that at Port 1, and Peat produces around 30% more 
CO than Wood in gasification. In general, the GC 

measured higher CO concentrations than TDLAS, 
for Peat within 20% at Port 1 and 15% at Port 2, 
and for Wood within 40% at Port 1 and 20% at Port 
2. This indicates that, during Peat gasification, the 
CO concentration was close to equilibrium already 
at the upper port. 
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The H 2 O concentrations decrease gradually 
with decreasing lambda, and, in general, agree well 
(within 15–20%) between the two TDLAS sensors. 
Similar to what was observed for T , the H 2 O vari- 
ations are larger for Wood than for Peat. However, 
for Peat at Port 2 at lambdas 1.2, 0.7 and 0.6, Sen- 
sor 2 shows a significantly lower concentration than 

Sensor 1. Also, for Peat, Sensor 2 measured lower 
H 2 O at Port 2 than at Port 1. Given the low aver- 
age temperature at Port 2, actual gas temperatures 
near the walls of the gasifier could have been below 

1200 K, and thus outside the operating range of 
Sensor 2. As the linestrengths of the employed H 2 O 

transition have their maximum around 1000 K [20] , 
the obtained results may be biased towards the 
lower temperatures along the line-of-sight in the re- 
actor. The fact that Sensor 2 showed lower H 2 O in 

combustion than in gasification for Wood at Port 1 
is probably connected to gasifier operational prob- 
lems in the afternoon of Day 2. 

3.2. Atomic potassium 

The measured K(g) concentrations for Peat 
and Wood are displayed in Fig. 2 (e) and (f), re- 
spectively, together with equilibrium concentra- 
tions and the broadband transmittance at 1398 nm. 
Thermochemical equilibrium calculations for K(g) 
were performed with FactSage (GTT Technolo- 
gies), and considered ashes and externally added air 
at the density-weighted path-averaged T measured 

by Sensor 2. Solid, liquid and gas phase composi- 
tions were taken into account following the work 

of Carlsson et al. [9] . As can be seen from Fig. 2 , 
the K(g) concentrations were much lower in com- 
bustion than in gasification mode due to the pres- 
ence of excess oxygen. During gasification, K(g) 
decreases significantly with decreasing lambda and 

temperature for both fuels. For Peat, there is also 

a considerable decrease between Port 1 and Port 
2 (maybe connected to T decrease), but this is not 
the case for Wood, which is another indication that 
Wood was not fully converted at Port 2. As for 
temperature and H 2 O, but even more pronounced, 
the overall variations in K(g) were smaller for Peat 
than for Wood, and decreased for Peat at Port 2, 
which indicates a more homogenous distribution 

for Peat. In contrast, the large K(g) fluctuations 
during Wood conversion suggest that the flame at 
times extended down to Port 2. Based on the initial 
K content in the fuel and the total amount of gas 
produced (Table S2), it was found that only 0.1–1% 

of the released K is present as K(g) in gasification. 
The discrepancy between the measured and 

equilibrium K(g) concentrations can have several 
reasons. First, chemical reaction may still be ongo- 
ing, especially at Port 1, and for Wood, even at Port 
2. Second, the fuel and ash elemental analyses (Ta- 
ble S1), which constitute the basis of the equilib- 
rium calculations, have a high uncertainty ( ∼15%), 
especially for Wood (low ash content). Third, since 

the potassium chemistry strongly depends on tem- 
perature and most of the K(g) will appear in the 
vicinity of burning particles in the entrained flame 
at the center of the gasifier, the distribution of K(g) 
along the line-of-sight may differ from the distribu- 
tion of H 2 O. As a consequence, the H 2 O-derived 

density-weighted path-averaged T may not repre- 
sent the actual average T for K(g), and the actual 
absorption path length for K(g) could be smaller 
than the inner diameter of the EFG. In an attempt 
to account for the discussed uncertainties in the 
equilibrium calculations, at least partly, an error 
bar was added to the K(g) equilibrium values pre- 
sented in Fig. 2 based on assumed T distributions 
that give a ± 100 K variation in the average T . A 

good agreement is achieved for Peat. The difference 
in the K(g) sensitivity to temperature between Peat 
and Wood is a results of the different chemical com- 
position of the ash in the fuels. The influence of 
these factors on K(g) will be subject of future in- 
vestigations. 

3.3. Soot and carbon conversion 

Figure 3 presents soot volume fractions calcu- 
lated from the measured broadband transmittance 
at three laser wavelengths as a function of lambda 
for Peat (panel a) and Wood (panel b). The UCF 

determined from GC-TCD analysis, and the car- 
bon conversion calculated using He tracing are also 

shown (at Port 2). Each data point represents an 

average of all measurements conducted at a fixed 

lambda. Clearly, the soot volume fractions increase 
with decreasing lambda. This would still hold if 
the soot volume fractions were corrected for the 
decrease in produced gas volume (Table S2) with 

decreasing lambda. The fact that Wood produces 
more soot than Peat can most likely be explained by 
the lower volatile content of Peat. The GC-derived 

UCF is significantly larger as it represents the max- 
imum possible soot level in the system. 

Between the sensors, the obtained soot concen- 
trations agree reasonably well down to lambda 0.5, 
but show an increasing difference at lower lamb- 
das. In the case of Peat, higher wavelengths give 
higher soot concentrations, whereas the behavior 
is opposite for Wood. Previous studies on Wood 

[17] revealed that the soot aerodynamic diameter 
increases gradually with decreasing lambda and is 
at least a factor of 2 larger than for Peat. This sug- 
gests that, for Wood, the Rayleigh criterion is vio- 
lated at 639 nm and that the contribution of scat- 
tering to the reduction in transmittance of Sensor 
3 can explain the difference to Sensors 1 and 2. 
In combustion mode (negligible soot), the broad- 
band transmittance reduction was < 10% for Peat 
and only a few percent for Wood (in accordance 
with the ash content, Table S1), which indicates that 
small fly ash particles contributed only slightly to 

light extinction. 
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3.4. Real-time monitoring of multiple gasification 
parameters 

Figure 4 (a) and (b) display a few seconds of 
real-time data at Port 2 during Wood gasification 

recorded with Sensor 1 (CO, soot and background 

radiation) and Sensor 2 (temperature, H 2 O, K and 

soot), respectively. In Fig. 4 (a), every point repre- 
sents data from a single scan at 10 Hz, whereas, 
in Fig. 4 (b), it is the average of 10 scans. A clear 
correlation can be seen between all three parame- 
ters in Fig. 4 (a), as soot is closely related to car- 
bon species, and a part of the background signal 
apparently originates from soot emission. In Fig. 
4 (b), there is a positive correlation between T and 

K(g) and those two correlate negatively with soot. 
A correlation with H 2 O was not observed. Since a 
200 K increase in T only leads to a 15% decrease in 

K linestrength (and an according increase in K(g) 
concentration), the correlation between T and K(g) 
is mostly related to chemistry. It is likely that the 
variations in these parameters are related to ac- 
tual changes in lambda due to fluctuations in the 
biomass feeding. Similar variations have been ob- 

served at other stoichiometries for all fuels and 

ports. 

3.5. Practical implications for biomass gasification 

From the simultaneous quantification of pro- 
cess parameters, such as T , CO, H 2 O, K(g) and 

soot, at different locations inside the EFG reac- 
tor core, valuable information on the gasification 

process can be obtained. For example, the mea- 
surements indicate that the reaction time is faster 
for Peat than for Wood, and a comparison be- 
tween TDLAS and GC CO concentrations pro- 
vides information on how far the reactor CO is 
away from its final value. The advantages of TD- 
LAS compared to TCs have to be clearly empha- 
sized. With TDLAS, the gas temperature can be 
assessed calibration- and correction-free, fast, and 

without sensor degradation. Knowledge of reac- 
tor soot concentrations is important in commercial 
EFGs, where soot particles are separated from the 
gas flow in the quench, and thus difficult to mea- 
sure. In the future, the monitoring of soot, T and 

all major hydrocarbon species (CO, CO 2 and CH 4 ) 
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in the reactor core, could provide continuous in- 
formation on the carbon conversion in the system, 
which will help to operate the gasifier under opti- 
mal conditions. The benefit of real-time detection is 
instant information on process abnormalities, and 

parameters such as feeding rate and lambda. The 
potassium concentration inside the reactor can be 
an important indicator for fine-particle production 

and degradation of ceramic insulation materials. 
A robust K(g) sensor could also help to identify 
the optimum fuel blend and to control the amount 
of additives applied to minimize ash-related oper- 
ational problems. 

4. Conclusions 

We demonstrate simultaneous real-time detec- 
tion of gas temperature, CO, H 2 O, K(g) and soot 
at two locations in the reactor core of a pilot- 
scale biomass gasifier during a 2-day campaign. 
From the obtained data, we deduce the density- 
weighted, path-averaged temperature (for H 2 O), as 
well as species and soot concentrations, and can 

draw conclusions regarding the progress of gasifi- 
cation. The TDLAS sensors performed well under 
harsh, high-temperature conditions and in the pres- 
ence of high soot concentrations. Accurate quan- 
tification of K(g) is currently limited by lack of in- 
formation on the density-weighted path-averaged T 

for K(g), and the effective K(g) path length. How- 
ever, process information can be obtained from 

the relative K(g) changes with fuel, residence time 
and stoichiometry. Without doubt, TDLAS sen- 
sors hold great promise for process characteriza- 
tion, monitoring and control in combustion and 

gasification applications. 
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