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A new method for estimating the temperature of non-luminous ames is presented. The spectral radiation
intensity emitted from uniform or temperature-axisymmetric CO2 gas is simulated. A new inversion scheme that
utilizes intensity ratios instead of directly spectral intensities is applied. This technique eliminates the errors caused
by inaccuracies in the absolute radiation intensity that result from both calibration and on-site measurement. For
example, this situation can occur when a spectrometer acquires radiance within only a part of its eld of view.
Neural networks are used as inverse models. The proposed inversion approach shows good results with simulated
data. The analysis of example measured emission spectra from practical ames is also demonstrated.
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1. Introduction

The spectral remote-sensing temperature determination of hot gases is still an active research area. Temperature is an important quantity and is used to diagnose
various types of industrial processes and environments.
Optical methods allow for the remote quantication of
homogeneous and non-homogeneous gas layers. The tomographic approach is the most appropriate in the case
of a non-homogeneous path. Unfortunately, this technique requires adequate access to the test object, which
is not always possible. However, an alternative line-ofsight method to determine the temperature distribution
(i.e., the temperature proles) along a one-dimensional
optical path is proposed. The temperature prole can be
determined from the absorption spectra, emission spectra, or both. Absorption is most commonly measured
using tunable diode-laser spectroscopy (TDLS). In this
method, the temperature is deduced from the ratio of
two rotational gas lines, which are typically water vapor
lines. The temperature distribution along the observation path can be determined by combining information
from several spectral lines. Measuring the absorption,
however, requires placing the transmitter and receiver
on opposite sides of the gas layer. In the case of real objects, the active (laser or spectrometer) technique is not
always possible to set up.
Emission (or passive) spectroscopy is called spectral
remote sensing (SRS) or in some cases passive remote
sensing. It is the simplest setup method because it does
not require an additional radiation source; therefore, it
does not require an alignment. This method is usually
used to yield the atmospheric constituents and temperature. It is the simplest possible remote measurement of
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volcanic gases [1]. Additionally, in the case of combustion
processes signicant information about the processes can
be obtained from their radiative emissions. The radiation
from the ame consists of a continuous spectrum of soot
and a discontinuous spectrum of gases primarily water
vapor and CO2 . The process spectra are primarily used
to analyze ame properties such as emissivity at dierent wavelengths and to measure the temperature [2, 3].
Pyrometry can be used to evaluate the temperature of
luminous ames. A one-dimensional prole of the temperature and the soot volume fraction can be topographically reconstructed from the line-of-sight spectral emission [4]. Determining the non-luminous ame temperature is possible only in a 120 µm radiation range [5].
The open-path FTIR spectrometer is the most commonly
used measuring instrument [6]. A special type of beroptic probe is utilized to monitor phenomena within the
objects [7]. The beroptic probe counteracts the eects
of atmospheric CO2 and water vapor on the measured
spectrum [8].
An interesting and currently studied remote-sensing
technique for combustion processes is to analyze the
spectrum of CO2 in the 4.3 µm range [9, 10]. This
method obtains the temperature prole of the nonuniform gas layer. Determining the temperature distribution on the basis of the measured spectrum is a typical
inverse problem with a known physical model (i.e., a forward model) that transforms the desired quantities into
directly measured quantities. Operator mapping the directly measured quantities into the desired quantities is
unknown [11, 12]. Inversion algorithms are intended to
minimize the dierences between the measured and simulation spectra derived from the forward model. Such a
formulation creates an optimization problem that arises
in many similar nondestructive testing methods. Nonlinear iterative procedures for the temperature-retrieval
inverse problem are used even in the case of homogeneous gas layers [13]. The key here is the calculation
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of the CO2 gas spectrum (a forward model). The spectrum can be modeled using line-by-line methods, such
as HITEMP [14] or the simplest narrow-band models.
These narrow-band models, such as statistical narrowband (SNB) signicantly reduce the computational eort
and their parameters are determined from recent spectroscopic databases [15]. A simpler and faster forward
model reduces the amount and time of the iterative process computation required to determine the solution [16].
Better stability of the inverse problem can be obtained
using additional a priori knowledge and regularization
methods [17, 18].
2. Hot-gas spectrum modelling

A homogeneous gaseous medium radiates energy if its
temperature is higher than that of the surroundings.
During the analysis it is assumed that light scattering
from particles (e.g., soot) is not present. Light scattering
signicantly changes both the transmissivity and emissivity [19, 20]. Therefore the presence of particles inuences
the radiative emission from ames. The emissivity of a
considered gas layer can be expressed as follows:
ελ = 1 − exp (−αλ cl) ,
(1)
where αλ  absorption coecient, c  gas concentration, l  path length of the studied medium.
Considering the Planck law Lλ (T ) the intensity of the
radiation can be expressed as follows:
Iλ = ελ Lλ (T ).
(2)
Combustion radiation is dominated by a characteristic
CO2 spectrum. As considered in this article, the 4.3 µm
CO2 spectrum has special properties: its transmissivity measurement errors cause larger errors in determining the gas content than in determining the temperature [21]. Generally, temperature is more precisely retrieved than concentration for homogeneous CO2 transmission paths [22]. In some cases, the uniformity assumption is appropriate even if the test environment is
evidently inhomogeneous, e.g. in are combustion eciency estimations [23]. A single-layer radiative transfer
model is also adequate for quantifying smokestack euent gases from coal-burning power facilities [24].

Fig. 1. Spectral intensity of uniform CO2 gas layer.

Fig. 2. Intensity spectra of the homogeneous CO2 gas
layer normalized to unity.
Modeling was performed using the HITEMP [14]
database. Sample spectra of a homogeneous gas layer
(with a 20 cm length and a 10% CO2 content), in the
considered range, are shown in Fig. 1. As observed, temperature changes signicantly aect the intensity of the
spectrum.
Temperature inuences not only the intensity of the
spectrum but also its shape. This eect is shown in Fig. 2
where the radiation intensity is normalized to unity.

Fig. 3. Exemplary temperature distributions (top)
and intensity spectra (bottom) with a 1000 K peak temperature.
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Fig. 4. Exemplary temperature distributions (top)
and intensity spectra (bottom) with a 1500 K peak temperature.
The intensity spectrum calculation along the observation path by the radiative transfer equation is a forward model for a non-uniform gas slab. The radiation
that reaches the spectrometer depends on the gas content and temperature distribution along the line of sight.
If medium scattering and opposite wall radiation are considered not to occur, the radiation intensity can be expressed as follows:
ZL
∂τλ (l)
Iλ (0) = − Lλ (T (l))
dl,
(3)
∂l
0

where τλ (l)  transmissivity between spectrometer (l =
0) and length L of the gas path, T (l)  temperature
prole (distribution) along the observed path.
In-depth analysis of the studied object by a simulation forward model allows inquiring into and understanding the inverse problem without costly and dicult-toconduct experiments [25]. The spectral radiation intensity was simulated using the radiative transfer equation
and the HITEMP database. Dierent optical paths for
various temperature distributions and CO2 contents were
studied (Figs. 35). The temperature distributions are
axisymmetric with maximum temperatures varying from
800 K to 1500 K (Figs. 35). It appears that changes in
the maximum temperature and the shape of the temper-
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Fig. 5. Exemplary temperature distributions (top)
and intensity spectra (bottom) with varying peak temperature.
ature distribution substantially aect the radiation intensity. The middle part of the prole, primarily the
temperature peak most signicantly aects the radiation intensity in the 21002200 cm−1 range. The 2250
2350 cm−1 range reects the temperature near the probe
(i.e., the spectrometer).
3. Determination of temperature based on the
emission spectrum

Quantitative analysis of the emission spectra of varying concentrations and temperature media is not a trivial task. Similar inverse problems arise in many nondestructive diagnostic techniques e.g. bubble cloud size
distribution retrieval [26], spatial distribution of intensities [27, 28], properties of composite material [29]. Their
common characteristics are their complex natures and
their diculties in mathematical analysis particularly
when formulating explicit relationships between measured quantities and desired quantities [30, 31]. Even
interpreting the transmission spectrum of a gas slab with
temperature variations is not a straightforward task [32].
In the case of the emission spectra, the simulation model
which calculates the radiation intensity as a function of
the temperature distribution and the gas composition
is a forward problem. Our interest is in retrieving the
gas content and temperature from the measured spec-
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tra. The temperature prole can be determined with a
specic spatial resolution. In the simplest case the optical path is divided into a predetermined number of uniform intervals. Dierent types of parametrization such
as basis functions can also be applied [33, 34]. However,
due to the similarity of the adjacent lines (or bands),
the number of parameters determining the temperature
distribution must be less than the number of measured
bands. The issues of parametrization and spatial resolution should also be considered in terms of the measured spectral resolution, the specic applications, a priori knowledge and regularization of the method. Example high-resolution measurements for the temperature
and the CO2 concentration inversion utilize the 2379
2397 cm−1 (417420 µm) spectral range [35, 36]. However, low-resolution (25 cm−1 ) measurements give good
results compared with measurements at a resolution of
0.02 cm−1 and suggest the possibility of shortening the
measurement time and using lower-cost equipment [37].
The temperature determination is very sensitive to errors in measuring the emission intensity [38]. In part
of the considered spectral range, the CO2 radiation intensity is equal to the black-body radiation [39]. This
property is used (in the 4.564.7 µm range) to determine
the temperature in particle-laden furnaces [40]. A spectroradiometer, however, requires appropriate radiometric calibration (i.e., absolute radiometric calibration in
W m−2 µm sr−1 units). Errors that arise during the radiometric calibration process are primarily related to the
inaccuracy of the calibration source's temperature and
emissivity; these errors can be signicant for even very
precise instruments [41]. However, in practical measurements additional errors occur when radiation is acquired
within only a part of spectrometer's eld of view (FOV)
or detector area. For example, the use of variable diaphragm systems changes the intensity of the radiation
reaching the spectrometer [42].
Determining the temperature without absolute radiometric calibration is possible with high-resolution spectroscopy sucient to distinguish individual spectral lines.
The temperature in this case can be estimated based
on the ratio of two lines. The ratio of the 4.19668 and
14.023 µm CO2 emissions is proposed for plume temperature estimation in 310606 K range [43]. For ame monitoring another technique must be created. The method of
ratio of intensity at multiple wavelengths can be applied
to eliminate the absolute spectral calibration problem.
For this purpose the 11 wavelengths shown in Fig. 6 were
selected. The rst analyzed signal is created by the ratio of the intensities at 2230 and 2220 cm−1 . The second
signal is the intensity ratio between 2220 and 2210 cm−1 .
The last (10th) signal is the ratio between 2140 and
2130 cm−1 . Therefore, this method utilizes emission intensities similar to those encountered in multiwavelength
quiet pyrometry.
The intensity ratios are temperature and CO2 content
dependent. It is therefore dicult to create a mathematical model (i.e., one trying to solve the inverse prob-

Fig. 6. Denition of the 11 considered spectral intensities.

Fig. 7. Example intensity ratios for a constant concentration of CO2 .
lem) that species the temperature based on the 10 dened signals (Fig. 7). The main advantage of the inverse
model construction compared with the iterative inversion method is a much faster determination of the sought
quantities without multiple calculations of the forward
model. The mathematical model of the considered issue
as in most inverse problem cases is implicit. Therefore,
the articial neural network (ANN) universal approximation approach can be used as an inverse model. A sufciently large data set (i.e., learning examples), representing the whole input/output relationship space, is required in neural network learning. The data can be prepared using calculations in the forward model. Network
training consists of establishing the relationship between
the input and output by properly setting the network
weights which represent information. ANNs consist of
many interconnected neurons which create layers. A single neuron output consists of the weighted inputs of every
neuron in the preceding layer transformed by nonlinear
activation functions.
Neural networks have been used to determine the temperature from the spectral radiation intensity [4446].
However, these methods are based on knowing the absolute radiation intensity at various wavelengths. A mul-
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tilayer perception neural network (with three layers) with
10 inputs (at quiet intensities) and peak temperature outputs has been selected to study. The ANN was trained
by the back-propagation method, which adjusts the interconnection weights. A sigmoid was chosen as the activation function. Several temperature proles (uniform,
parabolic and other axisymmetric) were included in creating the data set. The maximum temperatures of the
proles varied from 900 to 1400 K. The CO2 content
changed from 5 to 35% across a 30 cm path length. Figure 8 shows the neural model errors for the temperature
determination. The error values for specic temperatures
are derived for dierent temperature proles and CO2
contents.

Fig. 10. Measured spectral radiation intensity of the
hot gas ames.

Fig. 8. Error of the neural network model for peak
temperature retrieval.

Fig. 9. Schematic diagram of the studied measurement
setup.
Experiments were performed on biomass gasication
and combustion sites (Fig. 9). The combustion of the
gases took place in a metal tube which resulted in a uniform temperature across the ame. The radiation of the
hot gases (from the tail ame) issuing from the tube was
measured by a Bruker OPAG 33 spectrometer.
The measured spectrum is shown in Fig. 10. Radiation
from rear wall is not present. Strong absorption in the
23002370 cm−1 range is caused by the atmospheric CO2
between the ame and the spectrometer which was placed
at a distance of 2 m.
The maximum temperature was determined using the
previously built neural model. Its value is 1267 K and it
overestimates the thermocouple reading by 54 K. This er-

Fig. 11. Temperature distribution retrieved based on
the measured emission spectra.
ror results from the imprecision of the measurement and
the inaccuracy in the spectrum simulation methods used.
The simulation analysis of the spectrum shown in Fig. 10
as carried out in the second section indicates that the
temperature distribution is almost uniform. Absorption
by colder gas occurs only at the end of the measured path
(Fig. 11) and by atmospheric CO2 between the ame and
the spectrometer.
4. Conclusions

The remote temperature determination of nonluminous ames is based on the emission spectra of various gases. Such methods are used mainly in a laboratory
investigation with high-resolution spectroscopy. Literature reports about spectral measurement and their quantitative interpretations of practical combustion processes
are relatively rare. In such cases, the spectra are interpreted based on the absolute spectral radiance. This
article shows the possibility of determining the temperature prole (for an assumed type of heterogeneity) and
the gas content based on the shape of the emission spectrum (i.e., the ratio of the intensities of multiple wavelengths). As a forward model, a one-dimensional nonuniform gaseous environment radiation model was constructed using the radiative energy transfer equations.
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A neural network inverse model was built and evaluated
based on simulated data from the forward model. Practical ame spectra were measured using an FTIR spectrometer. The desired parameters were determined using a
neural inversion model and comparing the measured and
simulated spectra. However, a priori knowledge of the
possible shape of the analyzed temperature prole in the
inversion process is required. It can be assumed that in
the practical application of this method to a specic issue
such knowledge is available.
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