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Computed tomography-tunable diode laser absorption spectroscopy (CT-TDLAS) has been widely used in the diagnosis of the combustion flow field. Several optimized CT reconstruction algorithms such as iteration methods, transformation methods, and nonlinear least squares were applied. Considering the industrial application background, the performances of algebraic iteration reconstruction with the simultaneous algebra reconstruction technique (SART), Tikhonov regularization, and least squares with the polynomial fitting method were discussed in this study. For the mentioned algorithm, identical simulated reconstruction parameters that contained 32-path laser structures, assumed temperature distribution, and absorption databases were adopted to evaluate the reconstruction performance including accuracy, efficiency, and measurement of environment applicability. In this study, different CT reconstruction algorithms were also used to calculate the temperature distribution of the Bunsen burner flame. The different reconstruction results were compared with thermocouple detection data. With the theoretically simulated and experimental analysis, the least squares with the polynomial fitting technique has advantages in reconstruction accuracy, calculation efficiency, and laser path applicability for the measurement condition. It will be helpful in enhancing CT-TDLAS technique development.
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INTRODUCTION
Combustion is the most widely used chemical phenomenon, which is accompanied by a large amount of luminous heat. Since the industrial revolution, combustion has been applied in transportation, power generation, metallurgy, and aerospace. With the development of combustion research and application, the demands of combustion mechanism optimization and efficiency improvement could not be satisfied by the thermocouples and other traditional detection methods [1, 2]. A non-contract in situ testing technique that will not destroy the combustion flow field is urgently needed, and it can obtain more different combustion parameters at the same time. Spectral analysis technology can perfectly satisfy all the aforementioned requirements, and it can also reproduce the flow field information on the combustion process as real as possible [3–9].
Tunable diode laser absorption spectroscopy (TDLAS) is one of the spectral analysis technologies which can measure the temperature and gas concentration parameters. TDLAS has several advantages including high sensitivity, high noise immunity, high repetition rate, and easy compatibility with communication fiber optic components [10–12]. It means the TDLAS system is easy to be integrated, and the cost is lower than that of other spectral analysis technologies [13, 14]. However, the most valuable superiority is that combined with computed tomography (CT), CT-TDLAS can achieve 2D/3D temperature and concentration distribution reconstruction using multiple intersecting laser paths [15–17]. Thus, time-resolved and in situ combustion temperature and gas concentration information will be gathered at the same time [18–20].
The accuracy of CT-TDLAS is decided by different CT algorithms. Common CT algorithms are the projection inversion method and the iterative method. Projection inversion requires the projection direction covered at 360° or at least 180°, and it needs a large number of laser paths, such as FBP and FDDI [21–23]. Another projection inversion Abel inversion [24, 25] is particularly aimed at an axisymmetric distributed flow field. Although these inversion methods can get quick, high accuracy, and high-resolution reconstruction results, the optical path arrangement is difficult to fit with large industrial field applications.
As for iterative methods, the inverse problem of CT-TDLAS is solving an inherently ill-posed equation set with a severe rank deficiency. It means the answers of the equation set are the indefinite solution. If the iteration’s initial values are different, the different reconstruction results can be acquired, which will cause a serious error. This situation happens from time to time when we use the iterative algorithm, such as ART and MART [26–28]. Commonly, the ill-posedness of CT-TDLAS ill-conditioned equations can be reduced through an optimized laser path design method in two steps. First, four or more laser projection directions are applied in the measurement area. Second, the weights of different laser paths within the same mesh are corrected during iterative calculation [29]. However, this method will decrease the initial reconstruction resolution and needs a long iterative convergence time. Another solution is choosing machine learning or neural networks to establish an a priori model. After that, according to the computer training results, an optimized initial value is obtained to shorten reconstruction iterative steps, such as MBIR and PI-CNN-aided TDLAS [30–33]. This method can eliminate noise effects during measurement, but it needs a huge combustion simulation database for sample training before it is applied in new combustion environments.
Nowadays, regularization methods and least squares methods are applied in CT reconstruction [34, 35]. The most popular regularization method is Tikhonov regularization [25, 36], which adds a constant to the eigenvalue to improve the stability of the matrix. Tikhonov regularization can get accurate approximate solutions by matrix operations; thus, the calculation speed is much faster than iterative methods. Hyperspectroscopy [37, 38], as one of the least squares methods, considers extensive different spectral line information to improve CT reconstruction accuracy.
In this study, a CT algorithm named the polynomial fitting technique, which was based on nonlinear least squares, has been proposed and applied. First, the accuracy and the efficiency of different CT algorithms were discussed, which contain SART, Tikhonov regularization, and polynomial fitting with the same laser path structure and without optimizing the initial value. Second, Tikhonov regularization and the polynomial fitting method were used to calculate the temperature of the Bunsen burner flame. The simulation and experimental results of different CT algorithms were compared to discuss the priority of the polynomial fitting method.
CT ALGORITHM
TDLAS is a spectral measurement method based on the principle of photon energy selective absorption by gas molecules. When the laser passes through the area to be measured, the laser energy will be absorbed by the gas molecules. The energy-changing relationship between the initial laser and the absorbed laser can be expressed by Beer–Lambert’s law, as shown in Eq. 1:
[image: image]
where λ—wavelength; Iλ,0—laser intensity without gas absorption; Iλ—laser intensity after gas absorption; Aλ—spectral integral; i—the type of measured gas; j—absorption line of gas; ni—gas concentration; Si,j(T) — absorption line intensity; T—temperature; P—pressure; GVi,j—linear function; and L—laser path length.
The integral value of the linear function GVi,j in the entire frequency domain is 1, so Eq. 1 can be transformed into Eq. 2
[image: image]
Because the temperature, pressure, gas concentration, and absorption path length are same at the same laser path, the temperature can be obtained through the ratio of the absorption intensities between two different wavelength absorption lines, as shown in Eq. 3. The concentration can be calculated by Eq. 4.
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where T0—296K standard temperature; S (T0)—spectrum intensity at the standard temperature; E″—low transition energy state energy; h—Planck’s constant; K—Boltzmann constant; c—speed of light; υ0—laser frequency; and spectral line intensity S (T0) can be queried in the HITRAN database.
Simultaneous algebra reconstruction technique (SART)
It can be considered that the temperature on each micro-length part is uniform when laser paths are divided into infinite micro-length parts. Thus, laser path absorption A can be calculated by Beer–Lambert’s law, as shown in Eq. 5.
For different laser paths, the correction value is not completely the same. Because when two or more laser paths pass through a pixel grid at the same time, the same error correction of the pixel grid will cause additional noise. More iteration steps are needed to eliminate the noise effect to obtain high-precision reconstruction results. The SART algorithm takes into account the errors of all laser paths passing through the pixel grid during the iterative calculation of each pixel grid. This method can smooth out the influence of noise, and it can obtain relatively ideal reconstruction results. The formula of the SART is shown in Eq. 6:
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where q—mesh grid; Lq—laser length; and αλ,q—absorption coefficient.
[image: image]
where m—number of all laser paths through the pixel grid and the relaxation factor ω should be 0<ω ≤ 1.
Tikhonov regularization
Eq. 5 can be written in the matrix form as Eq. 7:
[image: image]
In the coefficient matrix L, there are lots of “0” because each mesh grid only contains limited laser paths. Non-negative least squares are directly used to solve Eq. 7, and unsatisfactory results will be obtained. Tikhonov regularization adds a regularization parameter η to improve the stability of the matrix, as shown in Eq. 8:
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For different regularization parameters η, αη is solved by Eq. 9. The L-curve method is used to find the fittest η, and αη is used as the solution answer α.
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Polynomial fitting method
In the combustion flow field, parameter distribution is continuous. Taylor expansion can be carried out to temperature and concentration distribution functions T (x, y) and n (x, y), which are composed of a set of adaptation coefficients ak,l and bk,l, as shown in Eqs. 10, 11.
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For a certain laser path p, all points (xp,1, yp,1), (xp,2, yp,2), …… (xp,q, yp,q), respectively, are substituted into Eqs. 10, 11:
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According to Eqs. 5, 10, 11, the theoretical absorption summation of the laser path from 1 to p can be calculated, as shown in Eq. 14. Theoretical absorption summation is a function that is only related to the set of adaptation coefficients ak,l and bk,l. When the error between Atheory and Aexperiment is minimum whose corresponding adaptation coefficients ak,l and bk,l are the temperature and concentration distribution function solution, respectively,
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In Eqs 10, 11, segments in the laser path q are decided by the initial CT resolution requirement, and the Taylor expansion series m is decided by the number of laser paths p and segments in the laser path q. Reconstruction accuracy can be improved by increasing m, but the CT accuracy will decrease when m is increased too much, which can cause overfitting. Like the “L-Curve” method in Tikhonov regularization, different Taylor expansion series “m” can be chosen for reconstruction calculation, and a fittest “m” value with a minimum deviation will be found. In this study, the value of m is 12 and q is 40. In solving Eq. 15, Levenberg–Marquardt, downhill simplex, and other nonlinear least squares methods can be chosen. Because the polynomial fitting temperature and concentration distribution functions are directly acquired, the initial reconstruction resolution of polynomial fitting is much higher than that of other CT algorithms without post-interpolation.
EXPERIMENT SYSTEM
In this study, a CT-TDLAS system with a Bunsen burner flame was set up, and an x-y-z axis movable B-type thermocouple probe (BM-100-100-110) was used to verify the accuracy of the CT reconstruction algorithms. The laser wavelengths of H2O absorption were 1388.139 nm, 1388.329 nm, 1388.454, and 1343.297 nm. The 1388-nm laser was mainly used in the detection of temperatures within 1000 K. For higher temperature situations, the 1343-nm laser signal should be added to the analysis.
The CT-TDLAS system, as shown in Figure 1, consisted of tunable diode lasers (NTT, NLK1E5GAAA, 1388 nm; NLK1B5EAAA, 1343 nm), fiber coupler (SL&PS, SBC-3655-2-50-2222-LLLL-1), laser driver (NTT, WL-100 -D-B-DFB-A), single-mode jumpers (P-55-R-22-C-F-2), fiber splitter (PLC-367020-0132-2), collimators (SL&PS, C-20-S-1-C-200-2-L-2-M), detectors (SL&PS, PD-16-1), amplifier (SL&PS, A-34ch-10 db-AC150DC2-IO1M50-SMAJ), AD unit (SL&PS, AD-35ch-10MHz-12bit-I1M-BNC), and a customized 32-path CT cell. The diameter of the CT measurement area was 60 mm. The customized 32-path CT cell was above the Bunsen burner nozzle by 100 mm and had four projection directions to increase the CT reconstruction accuracy, as shown in Figure 2. The diameter of the B-type thermocouple probe was 0.1 mm.
[image: Figure 1]FIGURE 1 | CT-TDLAS device connection.
[image: Figure 2]FIGURE 2 | CT-TDLAS experiment system.
The flow rates of the Bunsen burner premixed gas consisted of 3.0 L/min methane (CH4) and 3.0 L/min air. During the combustion process, there was 35 L/min compressed air surrounding the flame to make the premix flame steady. In the CT-TDLAS experiment, the water vapor mainly came from methane combustion. Some researchers usually used flat burner flame to verify the 2D temperature detection performance of the CT-TDLAS technique [15]. In this study, different from the flat burner, the diameter of the Bunsen burner nozzle was 10 mm, and the flame was difficult to fill all the CT measurement areas. Therefore, the H2O concentration of the laser path located at the CT measurement edge area was extremely inadequate, and H2O absorption was focused on the laser path that passed through the center area. This phenomenon was harmful to CT reconstruction accuracy. So the compressed air was fed into a humidifier before being inserted into the surrounding area of the Bunsen burner flame.
Before the CT-TDLAS experiment, steady flame combustion must be confirmed. At the center of the CT measurement area, five feature points were established in this study. Feature point 1 was the measurement center point. The other four feature points were, respectively, located at the ±X axis and ±Y axis, and the distance was all 5 mm. During steady flame confirmation, the temperature of five feature points was detected five times by the B-type thermocouple, while the Bunsen burner flame was rekindled 5 min each time. If the temperature was almost the same within confirmation of five times, it can be considered that the flame was in a steady combustion state.
When the flame was confirmed in the steady-combustion state, the B-type thermocouple probe was used to detect the temperature distribution of the center 40 mm × 40 mm area with 121 points, and the distance between each point was 4 mm. After that, the CT-TDLAS system was applied to record the 32-path 1388-nm laser, 1343-nm laser, and coupled laser signal information.
RESULTS AND DISCUSSION
In this section, the simulate reconstruction accuracy of two represented CT algorithms, SART and Tikhonov regularization, was compared with the performance of the polynomial fitting method. The reconstruction accuracy of the polynomial fitting method was obviously better than that of SART and Tikhonov regularization. SART and Tikhonov regularization had similar reconstruction accuracy, but Tikhonov regularization had an advantage in reconstruction efficiency. Thus, Tikhonov regularization and the polynomial fitting method were applied to the CT-TDLAS reconstruction of the Bunsen burner flame. The thermocouple detection results at the same flame condition were obtained to discuss the actual measurement accuracy of CT-TDLAS with Tikhonov regularization and the polynomial fitting method.
Simulation analysis of CT algorithms’ accuracy
To evaluate the accuracy and efficiency of CT reconstruction with three different CT algorithms, a unimodal and center-symmetric Cauchy–Lorentz temperature distribution was assumed. The assumed area was a 60-mm square. The water vapor concentration was 10%, and the maximum temperature in the center was 1100 K. The expression and image of the temperature distribution are shown in Eq. 16 and Figure 3, respectively. The simulated CT-TDLAS laser path was a 16 × 16 orthogonal structure, as shown in Figure 4. The distance between each laser path was 3.75 mm.
[image: image]
[image: Figure 3]FIGURE 3 | Assumed center-symmetric Cauchy–Lorentz temperature distribution.
[image: Figure 4]FIGURE 4 | 16 × 16 orthogonal simulated laser path structure.
The polynomial fitting method could receive a high-resolution reconstruction result. The CT reconstruction results of SART, Tikhonov regularization, and the polynomial fitting method are shown in Figure 5. The relaxation factor ω used in SART was 0.1, and the initial value of the absorbance used by each optical path during the iteration was set to 0. The resolutions of reconstructed results by SART and Tikhonov regularization were 16 × 16 pixels within a 60-mm square. This resolution was the highest result for these two algorithms to achieve. The reason was that each grid needed at least one laser path to go through. The resolution of the polynomial fitting method was decided by the Taylor expansion series m of the distribution function T (x,y). In this simulate reconstruction, the polynomial fitting method obtained a 39 × 39 pixel resolution result. It was obvious that the polynomial fitting method had an advantage in initial reconstruction resolution. Benefitting from this, integral changes in the temperature gradient could be easily acquired.
[image: Figure 5]FIGURE 5 | CT reconstruction results for assumed temperature distribution. (A) SART algorithm; (B) Tikhonov regularization; and (C) polynomial fitting method.
The polynomial fitting method could receive a more accurate reconstruction result. Because of the central symmetry of the assumed temperature distribution, it was convenient to discuss the accuracy by analyzing the temperature deviation on the path “x = 0 mm”. As shown in Figure 6, the reconstruction results of SART and Tikhonov regularization were almost the same. The mean relative error and maximum relative error of SART were 4.17% and 5.61%, respectively, while the mean relative error and maximum relative error of Tikhonov regularization were 4.22% and 5.58%, respectively. The polynomial fitting method was obviously much closer to the assumed distribution, and the mean relative error and maximum relative error were 1.23% and 1.63%, respectively, because the polynomial fitting method considered more residual terms during the calculation process.
[image: Figure 6]FIGURE 6 | Temperature deviation by three CT algorithms on the path “x = 0 mm”.
The polynomial fitting method had the advantage of high resolution and reconstruction accuracy compared with the traditional CT algorithms. It was more suitable for complicated combustion flame detection.
Comparison of CT-TDLAS experimental results using different CT algorithms
According to the previous discussion, SART and Tikhonov regularization could get almost the same accuracy reconstruction results through the orthogonal laser path structure, which was easy to receive an ill-conditioned matrix with the ill-posed solution. However, SART needed a correct each grid absorption value individually during one iterative process, and it costs hours to converge. Tikhonov regularization could quickly get solutions by simple matrix operations. So Tikhonov regularization and the polynomial fitting method were chosen to restructure the Bunsen burn flame.
The polynomial fitting method had significant advantages over actual flame detection. It got a clear and irregular temperature distribution result. In actual flame detection, the 16 × 16 orthogonal laser structure was not satisfied. As shown in Figure 1, the customized 32-path laser structure was divided into four projection directions to reduce the ill-posedness of CT-TDLAS ill-conditioned equations. Tikhonov regularization needed to guarantee that there was at least one laser path going through each grid. So the measurement area of the CT cell was set to a 10 × 10 grid mesh. However, the polynomial fitting method could still get a 39 × 39 pixel result, while the number of laser paths was not changing. The temperature distribution of the Bunsen burner flame has been shown in Figure 7. Because of the resolution limitation, Tikhonov regularization could only get a roughly presented temperature distribution trend. It could not display detailed information such as the gradient change of the flame temperature distribution. The actual combustion was complicated; according to the thermocouple result, the Bunsen burner flame section was not a regular symmetrical appearance, which was related to factors such as the horizontal inclination angle of the fixed Bunsen burner and the premixed gas flow emitted by a nozzle. It would enlarge the deviation when cubic spline interpolation is directly used without any reference to the increasing resolution. The polynomial fitting method could perfectly avoid these problems. In Figure 7C, more accurate and intuitive flame outline messages could be obtained.
[image: Figure 7]FIGURE 7 | Temperature distribution of the Bunsen burner flame. (A) Thermocouple; (B) Tikhonov regularization; and (C) polynomial fitting method.
The accuracy of the polynomial fitting method was convinced in the Bunsen burner flame experiment. The temperature on the path “Y = 0 mm” was compared, as shown in Figure 8. In the range of −10 to 10 mm, combustion was stable at the flame center, so the reconstruction results of the polynomial fitting method were consistent with the thermocouple. However, in the range of −20 to −10 mm and 10–20 mm, there was an obvious deviation between the polynomial fitting method and the thermocouple. In these areas, the unreacted methane gas and the reaction intermediates of the flame all reacted with the oxygen in the surrounding compressed air. The reaction process was complicated in these areas. It was impossible to ensure that the flame was always in the same combustion state during the thermocouple measurement. The constant slight disturbance of the flame would also cause deviation in the thermocouple reading. On the other hand, thermocouples could only collect the heat flux from convection and conduction. The heat radiation would be missed during the detection process. These two factors caused the deviation between the polynomial fitting method and the thermocouple. However, the resolution of the thermocouple measurement results was limited, and the best temperature detection range of the B-type thermocouple was 600–1700°C. In Figure 8, the results of CT-TDLAS with the polynomial fitting method and thermocouple are similar in the temperature range of 900–2000 K. The deviation of flame FWHM and peak temperature position between the polynomial fitting method and thermocouple was acceptable when the effect of calculation and experimental measurement error was considered. The temperature distribution trends of Tikhonov regularization and the polynomial fitting method reconstruction results were consistent, but there was a difference between the measurement center regions. This was due to the insufficient number of pixel grids in Tikhonov regularization.
[image: Figure 8]FIGURE 8 | Temperature deviation on the path “Y = 0 mm.”
According to the aforementioned comparison results, it could be considered that the polynomial fitting method could accurately reconstruct the two-dimensional temperature distribution of the combustion flame and displayed its temperature gradient change. At the same time, its ability to quickly complete reconstruction calculations had great advantages and potential in the field of industrial online measurement and diagnosis.
CONCLUSION
This study introduced two common CT algorithms of SART and Tikhonov regularization and proposed a new CT algorithm: the polynomial fitting method. First, compared to the accuracy and efficiency of different CT algorithms by an assumed unimodal and center-symmetric Cauchy–Lorentz temperature distribution and a 16 × 16 orthogonal laser path structure, the comparison results showed that SART and Tikhonov regularization could get almost the same accuracy reconstruction results, while Tikhonov regularization had a much higher computational efficiency. The polynomial fitting method showed more accuracy and higher resolution results. Second, a customized 32-path CT-TDLAS system was built. A Bunsen burner flame temperature distribution with 3.0L/min methane (CH4) and 3.0 L/min air was reconstructed by the thermocouple, Tikhonov regularization, and the polynomial fitting method. The results exhibited that the polynomial fitting method could display detailed information such as the temperature gradient change, and it could also guarantee the reconstruction accuracy compared to the measured results using the thermocouple. CT-TDLAS with the polynomial fitting method had advantages in accuracy, reconstruction efficiency, resolution, and the adaptability of the laser path arrangement to the actual site environment. It was of great significance in the development of CT-TDLAS combustion diagnosis in practical industrial applications.
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