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Abstract: The accuracy and efficiency of 3-D flame temperature field reconstruction using the light field imaging 

technique heavily depend on soot radiation characteristics. In this study, we employ the line-of-sight attenuation 

method to reconstruct the soot absorption coefficient distribution in a pure absorbing flame. Utilizing these soot 

absorption coefficients, the radiative transfer equation is effectively transformed within the framework of the light 

field imaging technique into a linear inverse problem and also outlines the flame boundary. This proposed strategy 

reduces the unwanted detection rays significantly, thus eliminating the extensive computational processing. 

Consequently, the proposed approach substantially enhances the accuracy and efficiency of flame temperature 

reconstruction. Numerical simulations were carried out on a bimodal asymmetric flame to validate the noise 

tolerance capabilities, investigate the effects of varying voxel numbers on flame division and carry out a comparative 

study. Experimental studies were also conducted to reconstruct flame temperature and soot absorption coefficient 

distributions under different combustion operating conditions. Thermocouple measurements were performed and 

compared with the reconstructed temperatures. Outcomes achieved from both numerical simulations and 

experimental studies demonstrate the feasibility, accuracy and robustness of the proposed method.  
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1. Introduction 

Combustion, which is pervasive across various industries such as power generation, aerospace, metallurgy and 

chemical industry, encompasses a range of applications such as coal-fired boilers, internal combustion engines, gas 

turbines and other combustion applications. Precise measurement of three-dimensional (3-D) flame temperature 

during the combustion process plays a crucial role in understanding combustion mechanisms comprehensively and 

optimizing the combustor configurations. Traditionally, the temperature of hydrocarbon flames is determined by 

characterizing the soot temperature, because soot serves as the primary participating medium within the flame [1]. 

The soot particles released from the combustion process due to incomplete combustion and the soot particles have 

been identified as harmful to human health and environment [2, 3]. The formation of soot also exerts a substantial 

influence on the flame temperature distribution, primarily through their significant contribution to radiative heat 

transfer [4]. Moreover, the flame temperature governs the rates of physical and chemical reactions, thereby 

controlling the formation and oxidation of soot. Hence, it is of utmost importance to measure both soot and flame 

temperature accurately while striving to understand their inherent coupling relationship [5, 6].  

Various methods have been developed for measuring soot and flame temperature measurements, among them 

emission-based optical diagnostic techniques have gained significant attention due to their non-invasive nature, fast 

response time and ease of system setup [7]. Efforts have been made to determine the flame temperature and soot 

radiative properties (or soot volume fraction) simultaneously using optical emission tomography [8-10]. However, 

these techniques exclusively rely on a single camera and are restricted to axisymmetric flames study. High-precision 

reconstruction of 3-D asymmetric flames necessitates the use of multiple cameras and associated optics. For instance, 

Huang et al. [11] developed a stereoscopic image system, which comprises four precisely arranged mirrors to obtain 

flame projections. Hossain et al. [12] utilized eight optical imaging fibers and two RGB Charge-coupled Device 

(CCD) cameras to acquire the sooty flame images from eight directions. Ni et al. [13] proposed a multispectral 

imaging system that consists of four symmetrical CCD cameras and liquid crystal tunable filters (LCTF). In these 

studies, the 3-D soot temperature and volume fraction distributions of asymmetric flames were successfully retrieved. 

However, the practical application of these studies has been hindered by the synchronization and calibration 

complexities associated with multi-camera systems. The light field imaging (LFI) technique has gained widespread 

attention due to its ability to record both spatial and angular information in a single exposure. The LFI facilitated by 

a light field camera (LFC) has successfully been applied to 3-D imaging of particle tracking velocimetry, fuel sprays 

and depth estimation measurements [14-16]. When applied to the 3-D flame temperature reconstruction, the LFI 

technique partitions the flame into interconnected 3-D voxels. By employing a reconstruction algorithm, the 

temperatures of these voxels can be determined by solving radiative transfer equations (RTE) [17]. However, the 

soot radiative properties are often unknown and coupled with the flame temperature in practical flames, rendering 

the RTE a nonlinear equation system. Consequently, solving the RTE for reconstructing the flame temperature sets 

a nonlinear inverse problem. To address this problem, two primary strategies have been proposed:  

(1) develop a reconstruction algorithm to retrieve the flame temperature and soot radiative properties 

simultaneously. To achieve that, a series of gradient-based [18-20] or intelligent optimization-based [21, 22] hybrid 

algorithms have been proposed. For instance, Li et al. [19] proposed a hybrid algorithm called Levenberg-Marquardt 

with boundary constraint and non-negative least squares (LMBC-NNLS) to reconstruct the flame temperature and 



absorption coefficient simultaneously. Niu et al. [21] introduced a hybrid algorithm called least-square QR 

decomposition-stochastic particle swarm optimization (LSQR-SPSO) for the simultaneous reconstruction of flame 

temperature distribution and radiative properties. However, the gradient-based algorithms require solving the 

Jacobian matrix, while the intelligent optimization-based algorithms involve extensive random searches. These 

factors significantly reduce the computational efficiency and limit the spatial resolution of the reconstructed results.  

(2) convert nonlinear inverse problems into linear inverse problems by incorporating a priori information 

regarding soot radiative properties. For example, Sun et al. [17] considered the absorption coefficient of 0.8 m-1 and 

utilized the LSQR algorithm to reconstruct the 3-D flame temperature fields. Qi et al. [23, 24] set the absorption 

coefficient to 10 m-1 and reconstructed the flame temperature based on the non-negative least squares (NNLS) 

algorithm. However, the morphology and chemical composition of soot undergoes substantial changes as soot 

particles evolve within the flame [25]. Initially, nascent soot particles exhibit a "liquid-like" transparent nature [26] 

and demonstrate limited absorption of visible light beyond wavelengths of 600 nm [27]. As the particles mature, they 

transform into aggregated solid carbonized spheres with well-defined boundaries [28], acquiring broad-band light 

absorption capabilities [29]. The distinct properties of nascent and mature soot particles increase notable disparities 

in the radiative properties of soot particles and self-absorption within optically thick flames. These differences can 

introduce uncertainties when inferring temperatures. To investigate the impact of these variations, Yuan et al. [30] 

conducted simulations to investigate the impact of varying soot absorption coefficient values of 5, 10, 25, and 50 m-

1 on temperature reconstruction. The study shows that when the absorption coefficients increase, the longitudinal 

section images of the flame show a diminishing intensity. When the absorption is very intense, the irradiance of 

flame longitudinal sections is so small that cannot be discerned. Li et al. [31] also studied the effect of nonuniform 

soot radiative properties on the effectiveness of flame temperature reconstruction. These studies demonstrated that 

soot radiative properties play a significant role in determining the flame temperature accurately.  

It is therefore crucial to obtain precise information on soot radiative properties before conducting LFI-based flame 

temperature reconstruction. The diode lasers can be integrated with laser absorption and flame emission 

measurements for an accurate measurement of soot radiative properties. Studies [32-34] have successfully utilized 

the absorption/emission technique to determine the one-dimensional (1-D) or two-dimensional (2-D) fields of soot 

temperature and radiative parameters in axisymmetric flame. However, the 3-D fields of non-axisymmetric flame 

have rarely been studied. 

In this work, a hybrid method is proposed for reconstructing 3-D soot absorption coefficient and flame 

temperature distributions. The proposed method combines the LFI technique with the line-of-sight attenuation 

(LOSA) method to improve the efficiency and accuracy of flame temperature reconstruction. It leverages the LOSA 

method to obtain the soot absorption coefficient distribution, which is subsequently utilized as prior information in 

the LFI technique. Additionally, the flame boundary is pre-identified using the soot absorption coefficient distribution, 

thereby improving the overall temperature reconstruction efficiency. Numerical simulations were conducted on a 

bimodal flame to assess the feasibility and practicality of the proposed method. This evaluation encompassed an 

examination of its noise tolerance capabilities, a comparative analysis against presently employed LF reconstruction 

methods, and an exploration of the impact of voxel count variations on flame division. Furthermore, experimental 

investigations were conducted to validate the proposed method under various flame distributions and combustion 



operation conditions. Measurement principles and numerical and experimental studies are introduced and analyzed 

in detail. 

 

2. Methodology 

The overall strategy for reconstructing 3-D soot absorption coefficient and flame temperature distributions 

encompasses two main components. The LOSA method is employed to determine the soot absorption coefficient 

distribution first and the LFI technique is then used to obtain the temperature distribution. This proposed model 

integrates the principles of both LOSA and LFI to improve the accuracy and efficiency of the reconstructed soot 

absorption coefficient and temperature distributions. In this study, a bimodal flame is used as an illustrative example, 

A bimodal flame refers to a combustion process in which two distinct flame types or combustion modes coexist 

within the same system, as visually represented in Fig. 1. This choice is primarily driven by its direct relevance to 

practical scenarios commonly encountered in combustion systems. The subsequent paragraphs provide a 

comprehensive explanation of the LFI and LOSA principles, as well as the proposed hybrid reconstruction model. 

 

2.1. Light field imaging 

The LFC mainly consists of a main lens, a microlens array (MLA) and a photosensor, which can capture the 

spatial and angular information of the flame radiation by a single exposure [35]. The schematic of the flame 

radiation sampling through the LFC is depicted in Fig. 1.  

 

Fig. 1. The schematic of the flame radiation sampling through the LFC. 

Where Lom is the distance between the flame centerline and the main lens, Lmm is the distance between the main lens 

and MLA, Lmp is the distance between the MLA and the CCD, f is the focal length of the main lens, dm the diameter 

of each microlens. 

Each radiation ray emitted from the flame can be sampled successively by the main lens and the MLA. According 

to the pinhole camera model [36], the sampling ray can be traced in reverse, starting from the pixel on the CCD 

sensor and extending towards the corresponding point in the flame. The direction information of the ray is then traced 

through the main lens plane and the MLA plane. The detailed tracing model can be found in [37]. 

The intensity detected by a pixel is regarded as the intensity of the corresponding ray, which can be calculated 

using the RTE [38]. 

 
𝑑𝐼𝜆(𝑠,𝛀)

𝑑𝑠
= −𝐾𝜆

(𝑎)(𝑠)𝐼𝜆(𝑠, 𝛀) + 𝐾𝜆
(𝑎)(𝑠)𝐼𝑏𝜆(𝑠) (1) 

where 𝐼𝜆(𝑠, 𝛀)  is the radiation intensity at position 𝑠  and direction 𝛀  at wavelength 𝜆 , 𝐼𝑏𝜆  is the blackbody 



radiative intensity at wavelength 𝜆, 𝐾𝜆
(𝑎)

 is the absorption coefficient. 

The radiation intensity of the flame 𝐼𝜆(𝑠, 𝛀) along the detection path (𝑠, 𝛀) is then obtained by solving Eq. (1) 

through the discretized solution as follows, 

 

𝐼𝜆(𝑠, 𝛀) = 𝐼𝑏𝜆
𝑛𝑛 [1 − exp(−𝑟𝑛𝑛𝐾𝜆𝑛𝑛
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𝑛𝑛
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𝑛𝑛

𝑗=𝑖

𝐾𝜆𝑗
(𝑎)(𝑠))]

𝑛𝑛−1

𝑖=1

𝐼𝑏𝜆
𝑖  

(2) 

where 𝑛𝑛 is the total number of voxels that the flame radiation passes through, and each voxel is kept at a uniform 

temperature. 𝑖 and 𝑗 are the 𝑖th and 𝑗th voxel along the flame detection path (𝑠, 𝛀), respectively. 𝑟 denotes the 

length of the detection path in the 𝑖th voxel. 

The out-going radiative intensity of the whole detection field received by the LFC can therefore be obtained by 

integrating Eq. (2) in different detection directions, which can be written as follows: 

 𝑰𝝀 = 𝑨𝝀 ∙ 𝑰𝒃𝝀 (3) 

where 𝑰𝝀  is the flame radiative intensity vector; 𝑰𝒃𝝀  is the blackbody radiative intensity vector; 𝑨𝝀  is the 

coefficient matrix. Typically, Eq. (3) is a nonlinear equation since the soot absorption coefficient is unknown in 

practical flames. The dependence of the blackbody radiative intensity 𝑰𝒃𝝀 and the temperature 𝑇 is expressed by 

 𝐼𝑏𝜆(𝑠) =
𝑐1𝜆

−5

𝜋[𝑒𝑐2/𝜆𝑇(𝑠) − 1]
 (4) 

where 𝑐1 and 𝑐2 are the first and second radiation constants, respectively.  

 

2.2. Line-of-sight attenuation 

LOSA is a well-established optical method for path-averaged measurement of the soot extinction coefficient in 

an aerosol. In this method, the transmissivity of an aerosol-containing medium is measured for a linear path and 

defined as 

 𝜏𝜆 =
𝐼𝜆
𝐼𝜆,0

= exp(−∫ 𝐾𝜆
(𝑒)

∞

−∞

𝑑𝑠) (5) 

where 𝜏  is the transmissivity of the path at wavelength 𝜆 . 𝐼𝜆,0  and 𝐼𝜆  are the light intensity before and after 

passing through the flame, respectively. 𝐾𝜆
(𝑒)

 is the local extinction coefficient. 

It is noticed that the scattering contribution to extinction is negligible in the upper band of the visible spectrum 

[39]. Thus, the local absorption coefficient 𝐾𝜆
(𝑎)

  is equivalent to 𝐾𝜆
(𝑒)

  according to Rayleigh-Debye-Gans-

Polydisperse-Fractal-Aggregate (RDG-PFA) theory [40]. 

As noted above, a single transmissivity measurement can only provide a measure of the path-averaged soot 

absorption coefficient. Thus, to obtain the 2-D absorption coefficient distributions, measurements along multiple 

chords through the flame are crucial. The schematic of the 2D-LOSA principle is depicted in Fig. 2.  



 

Fig. 2. The schematic of the 2-D-LOSA method. 

 

It can be seen that the soot absorption coefficient is inhomogeneous in the cross-section, normal to the bulk flow 

direction of the flame. The computational domain is divided into discrete grids (N×N), with the absorption coefficient 

considered to be consistent within each grid. Calculating the distance 𝑙 of light 𝑚 passing through each grid, Eq. 

(5) can be rewritten as 

 ln(𝐼𝜆 𝐼𝜆,0⁄ ) = 𝑙𝑚1𝐾𝜆1
(𝑎)
+ 𝑙𝑚2𝐾𝜆2

(𝑎)
+⋯+ 𝑙𝑚𝑛𝐾𝜆𝑛

(𝑎)
 (6) 

where 𝑛 denotes the number of grids passed by light. 

To integrate each light in multiple directions, Eq. (6) can be expressed in matrix form as 

 𝑰 = 𝑳 ∙ 𝑲 (7) 

where 𝑰 is the calculated transmissivity vector and 𝑳 is the distance coefficient matrix. 

Eq. (7) is a typical linear equation system. The absorption coefficient matrix 𝑲 can be solved by a reconstruction 

algorithm, such as the NNLS algorithm [41]. Based on the reconstructed absorption coefficient distribution, the grids 

containing flame information (with orange in Fig. 2) can be identified. The flame boundary can further be recognized 

by excluding the grids that contain no flame information. 

 

2.3. Proposed hybrid reconstruction model  

To reconstruct the 3-D soot absorption coefficient and flame temperature distributions precisely and efficiently, a 

hybrid reconstruction model is proposed. The proposed method incorporates the soot absorption coefficient 

distribution, obtained through the LOSA method, as prior information within the framework of the LFI technique. 

By employing this strategy, the nonlinearity and ill-posed nature of the inverse problem to reconstruct the flame 

temperature is mitigated, as it effectively converts it into a linear inverse problem. Consequently, this method 

significantly improves the accuracy of reconstructing the flame temperature field. Also, the effective detection rays 

for temperature reconstruction are reduced, which can improve the reconstruction efficiency. The overall process of 

the reconstruction model is summarized as follows.  

Step 1. Dividing the flame into discrete layers along the bulk flow direction. For each cross-section, divide the 

computational domain into discrete grids as illustrated in Section 2.2. Calculating the transmissivity vector 𝑰 and 

distance coefficient matrix 𝑳 , and solving Eq. (7) for obtaining the absorption coefficient matrix 𝑲  by NNLS 

algorithm. This step involves acquiring the distribution of the 2-D absorption coefficient within the discrete cross-



section of the flame. 

Step 2. Based on the absorption coefficient distribution obtained in Step 1, the 2-D flame-containing grids (filled 

in orange color in Fig. 2) are identified by applying a threshold. The grids above the threshold are considered flame-

containing grids. The threshold value is set at zero in accordance with physical prior distributions, as the soot 

absorption coefficient for grids without flame containment is determined to be zero. This step is repeated layer-by-

layer to obtain the flame-containing voxels for the 3-D absorption coefficient field.  

Step 3. Dividing the flame into discrete voxels, maintaining consistency with Step 1. For the flame image recorded 

by the LFC, performing ray tracing on each pixel, as illustrated in Section 2.1. Deleting the invalid ray if the ray 

does not pass through any flame-containing voxels, which are pre-recognized in Step 2. 

Step 4. To transform the flame image into an intensity distribution, calibrating the radiation intensity of the LFC. 

Subsequently, calculating the flame radiative intensity vector 𝑰𝝀 using the gray levels of the CCD pixels for the 

effective rays filtered after Step 3. 

Step 5. Calculating the coefficient matrix 𝑨𝝀 with the absorption coefficient resolved in Steps 1-2. Solving Eq. 

(3) for obtaining the blackbody radiative intensity vectors 𝑰𝒃𝝀  by the NNLS algorithm and achieving the 3-D 

temperature field by solving Eq. (4). 

The flowchart of the reconstruction method is summarized and depicted in Fig. 3. 

 

Fig. 3. The flowchart of the reconstruction model. 

 

3. Numerical Study 

Numerical simulations were conducted to verify the feasibility and practicality of the proposed method. A bimodal 

asymmetric cylindrical ethylene flame is simulated and the NNLS algorithm is used to reconstruct the soot 

temperature and absorption coefficient. The radius (𝑅) and height (𝑍) of the cylindrical flame was set to 6.6 mm 

and 25 mm, respectively. The flame is divided into axial(𝑁𝑧)×radial(𝑁𝑟)×circumferential(𝑁𝜑)= 6 × 8 × 10 voxels. 

The parameters of the LFC used in the simulation are shown in Table 1. The temperature and absorption coefficient 

distribution were generated through Eqs. (8)-(9) [21, 42], respectively. Within each voxel, the flame temperature and 

absorption coefficient are assumed to be uniform and are defined by the value at the center point. The distributions 

of flame temperature and absorption coefficient are illustrated in Fig. 4.  



 𝑇(𝑥, 𝑦, 𝑧) =
2200

3
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exp {
−40[(750𝑥 + 7.5) 9⁄ − 1.1]2

−25[(750𝑦 + 8.5) 9⁄ − 0.8]2
}

+0.8exp {
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3
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exp {
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−25[(750𝑦 + 8.5) 9⁄ − 0.8]2
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+0.8exp {
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+ 20(1 −

100𝑧

3
) + 5/3 [m−1] (9) 

where 𝑥, 𝑦, 𝑧 are the coordinates of the cylindrical flame, respectively. 

 

Table 1. Parameters of the light field camera. 

Symbol Value Description 

Lom/mm 505 the distance between the flame centerline and the main lens 

Lmm/mm 53.1 the distance between the main lens and MLA 

Lmp/mm 480 the distance between the MLA and the photosensor 

f/mm 50 the focal length of the main lens 

fm/μm 600 the focal length of the microlens 

dp/μm 8 the length of the pixel 

dm/μm  95 the diameter of each microlens 

Nm 60 the number of microlenses 

Np 12 the number of pixels covered by each microlens 

M 1.11 the magnification of the lens 

 

  

Fig. 4. The simulated flame temperature and absorption coefficient distributions. 

 

T/K K/m-1 



The simulations were performed on a server with Intel Core i9-9900K CPU @ 3.60 GHz and 64.0 GB RAM. The 

simulation procedures were executed utilizing MATLAB R2019b. 

The effects of noise levels and flame-dividing voxels on the reconstruction performance are investigated and 

discussed in Sections 3.1 to 3.3. To evaluate the reconstruction performance, the relative reconstruction errors of 

temperature ∆𝑇𝑖 and absorption coefficient ∆𝐾𝑖 in the 𝑖th voxel are calculated based on Eqs. (10)-(11). The mean 

reconstruction relative errors of temperature ∆𝑇𝑚𝑒𝑎𝑛  and absorption coefficient ∆𝐾𝑚𝑒𝑎𝑛  are also calculated 

according to Eqs. (12)-(13). 

 Δ𝑇𝑖 = 
|𝑇𝑟𝑒𝑐,𝑖 − 𝑇𝑜𝑟𝑖,𝑖|

𝑇𝑜𝑟𝑖,𝑖
 (10) 

 Δ𝐾𝑖 = 
|𝐾𝑟𝑒𝑐,𝑖 −𝐾𝑜𝑟𝑖,𝑖|

𝐾𝑜𝑟𝑖,𝑖
 (11) 

 Δ𝑇𝑚𝑒𝑎𝑛 = 
1

𝑁
∑Δ𝑇𝑖

𝑁

𝑖=1

 (12) 

 Δ𝐾𝑚𝑒𝑎𝑛 = 
1

𝑁
∑Δ𝐾𝑖

𝑁

𝑖=1

 (13) 

where subscripts 𝑟𝑒𝑐, 𝑖 and 𝑜𝑟𝑖, 𝑖 are the reconstructed and original values, respectively; 𝑁 is the total number of 

voxels of the flame. 

 

3.1. Effects of noise levels 

To investigate the noise tolerance capability of the proposed method, different noise levels(𝛾) were considered. 

The noise levels are added randomly using Eq. (14): 

 𝐼𝑚𝑒𝑎 = (1 + 𝜎𝜉)𝐼𝑒𝑥𝑎 (14) 

where 𝐼𝑚𝑒𝑎 is the actual detected signal, 𝐼𝑒𝑥𝑎 is the exact signal without noise, 𝜉 is a standard normal distribution 

random variable. The standard deviation (STD) is determined for the measured transmittance and reflectance 𝜎 for 

a 𝛾 at 99% confidence as 

 𝜎=
𝐼𝑒𝑥𝑎 × 𝛾

2.576
. (15) 

The noises γ =1%, 3% and 5% are considered and their corresponding signal-to-noise ratios (SNRs) of 48 dB, 38 

dB and 34 dB are defined by Eq. (16): 

 𝑆𝑁𝑅 = 10 log10 [
∑ (𝐼𝑒𝑥𝑎

𝑖 )
2𝑘

𝑖=1

∑ (𝐼𝑚𝑒𝑎
𝑖 − 𝐼𝑒𝑥𝑎

𝑖 )
2𝑘

𝑖=1

] (16) 

where k is the grid number of the flame.  

Two different sources of noise are investigated in the study. Firstly, for the absorption coefficient reconstruction, 

noise is introduced to the transmissivity vector 𝑰 in Eq. (7). Secondly, for temperature reconstruction, noise is added 

to the flame radiative intensity vector 𝑰𝝀 in Eq. (3). The reconstruction results that have been derived in this study 

are based on the average of ten calculations. The impact of these noises on the overall reconstruction performance is 

systematically evaluated as outlined below. 

(1) For the absorption coefficient reconstruction, the laser arrays are set from 0 mm to 25 mm with an axial 



interval of 5 mm. The flame is divided into 𝑁𝑟×𝑁𝜑= 8×10 grids and the lasers are evenly spaced at 45° intervals in 

8 directions for each cross-section of the flame. In each direction, the lasers are parallel with an interval of 0.1 mm, 

thus, a total of 1056 rays are obtained. The noises 𝛾= 1%, 3% and 5% are added to 𝐼𝜆 in Eq. (5) for each cross-

section. The reconstructed absorption coefficient distributions and relative errors under different noise levels are 

illustrated in Fig. 5. It shows that both the mean and maximum relative errors increase with the noise levels. The 

Δ𝐾𝑚𝑒𝑎𝑛  is 1.64% for 𝛾 = 5%, which demonstrates an excellent noise tolerance capability for the absorption 

coefficient reconstruction. In all cases, the measured average time from the entire dataset for all runs ranged between 

4.1 and 4.7 seconds, demonstrating the high efficiency of absorption coefficient reconstruction. 

   

 

𝛾= 1% 𝛾= 3% 𝛾= 5% 

(a) Absorption coefficient distributions of flame cross-sections.   

 

 

(b) Relative errors.  

Fig. 5. Reconstructed flame absorption coefficient distributions and relative errors under different noise levels. 

 

(2) For temperature reconstruction, the reconstructed absorption coefficient under the 𝛾= 1% is considered as 

the prior information to retrieve the flame temperature. Only the area containing the flame information is used for 

K/m-1 



reconstruction. As a result, the voxels are reduced from 480 to 95 and correspondingly, the feature rays are reduced 

from 29209 to 18660. The noise levels 𝛾 = 1%, 3% and 5% are added to the flame radiative intensity. The 

reconstructed temperature distributions and relative errors under different noise levels are illustrated in Fig. 6. The 

mean and maximum relative errors increase slightly with the noise levels and the mean temperature reconstruction 

relative error is 1.01% even for 𝛾 = 5%, which demonstrates the superior noise tolerance capability for the 

temperature reconstruction. The reconstruction time at all noise levels is about 1s, demonstrating that the proposed 

method can reconstruct the flame temperature with high efficiency. 

   

 

𝛾= 1% 𝛾= 3% 𝛾= 5% 

(a) Temperature distributions of flame cross-sections.  

 

 

 

(b) Relative errors.  

Fig. 6. Reconstructed flame temperature distributions and relative errors under different noise levels. 

 

3.2. Comparative study 

To verify the reconstruction performance of the proposed method, a comparative study is conducted with the 

T/K 



recent studies [19, 30]. This assessment includes the presentation of three distinct Cases, as outlined below.  

Case 1: reconstructing the flame temperature by utilising the soot absorption coefficient of 10 m-1 [30]. 

Case 2: reconstructing the soot absorption coefficient and temperature simultaneously by the LMBC (Levenberg-

Marquardt with Boundary Constraint)-NNLS algorithm [19]. 

Case 3: the proposed method without extracting the flame-containing voxels and filtering the effective ray. 

The reconstructed temperature distributions under different Cases are illustrated in Fig. 7. The overview of the 

reconstruction performance under different Cases is presented in Table 2. Remarkably, the execution time reported 

in this study is to solve Eq. (3) for various reconstruction methods and the execution times are calculated under 

consistent conditions, such as temperature and absorption coefficient distributions, dividing voxels, and noise levels. 

Notably, these calculations were conducted using identical processing platforms, operating systems, configurations, 

and associated programming libraries. 

    

 

Proposed Case 1 Case 2 Case 3  

Fig. 7. Reconstructed flame temperature distributions under different Cases. 

  

Table 2. The reconstruction error and time under different reconstruction methods. 

Case Δ𝑇𝑚𝑒𝑎𝑛/% Δ𝑇𝑚𝑎𝑥/% Δ𝐾𝑚𝑒𝑎𝑛/% Δ𝐾𝑚𝑎𝑥/% 
Reconstruction 

time/s 

Proposed 0.32 6.14 0.05 1.81 5.68(1.23+4.45) 

Case 1 [30] 6.78 32.16 / / 169.34 

Case 2 [19] 7.46 30.88 15.46 50.88 112790 

Case 3 2.84 25.9 / / 147.61 

 

The results demonstrate that the proposed method yields minimum relative errors and reduced reconstruction 

times for both the absorption coefficient and temperature. Specifically, the total reconstruction time for the proposed 

method is about 5.68s, where 1.23s is for the flame temperature reconstruction and 4.45s is for the absorption 
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coefficient reconstruction. The relative error of temperature exhibited an impressive reduction of at least 88%, while 

the reconstruction time was reduced by a noteworthy minimum of 95%. In Case 1, the temperature reconstruction 

error increased due to the constant absorption coefficient, which effectively added noise to the coefficient matrix in 

Eq. (3). In Case 3, for reconstructing the temperature, the absorption coefficient utilized is closer to the true value as 

determined by Eq. (9), thus reducing the reconstruction error slightly compared to Case 1. However, in Case 3, the 

effective flame voxels (containing the flame information) and ray selection are not considered, leading to ill-

conditioning and an increased dimension of the reconstruction matrix in Eq. (3). Consequently, this approach 

decreases the reconstruction accuracy and increases the computational cost compared to the proposed method. In 

Case 2, the reconstruction time is substantially higher compared to the other cases because the reconstruction 

algorithm is required to solve the Jacobian matrix, which inherently demands more computational time. Therefore, 

the results suggested that the proposed method can reconstruct the soot absorption coefficient and temperature 

accurately with a shorter reconstruction time. 

 

3.3. Effects of flame dividing voxels 

The size of the flame voxel has a significant impact on reconstruction accuracy. If the voxel size is too large, the 

detailed flame information may be lost, resulting in lower reconstruction accuracy. In contrast, if the voxel size is 

too small, the larger data is required to be processed and increases the computational cost. Six different flame-

dividing voxels (𝑁𝑧 ×𝑁𝑟 ×𝑁𝜑)  were considered to investigate the effect of the flame voxels on the temperature 

reconstruction performance. The noise level of 𝛾= 1% is considered for the absorption coefficient and temperature 

reconstruction. The absorption coefficient distribution obtained in Section 3.2 is utilized in two distinct approaches 

to reconstruct the flame temperature: the proposed method and the original sampling. Notably, the proposed method 

incorporates the flame-containing voxels and an effective ray selection process, in contrast to the original sampling, 

which does not involve the extraction of flame-containing voxels. The reconstruction parameters and time achieved 

under different flame-dividing voxels are illustrated in Table 3.  

 

Table 3. The number of voxels, feature rays and reconstruction time. 

Case 
Dividing 

voxel 

Number of voxels and feature rays Reconstruction time/s 

Original 

sampling 

Proposed 

method 

Original 

sampling 

Proposed 

method 

1 3×4×5 60-29209 12-13626 0.7 0.05 

2 4×6×8 192-29209 36-15522 14 0.11 

3 6×8×10 480-29209 96-18660 148 1.23 

4 8×10×12 960-29209 218-19833 945 8.94 

5 10×12×15 1800-29209 329-20263 7789 23.48 

6 12×15×20 3600-29209 710-21557 45226 422 

 

A significant reduction in reconstruction time can be seen by the proposed method. For instance, for the 

𝑁𝑧×𝑁𝑟×𝑁𝜑= 8×10×12, the number of voxels decreased from 960 to 218 and the feature rays reduced from 29209 



to 19833. Consequently, the reconstruction time reduced significantly from about 945s to 8.94s. (i.e., efficiency 

increased by 99%). It is therefore evident that the reconstruction time increases significantly as the dividing voxel 

size increases. Whereas the number of voxels and feature rays required for the reconstruction increases with the 

dividing voxel size but not like the reconstruction time. 

The performance of the flame temperature reconstruction is also investigated for the original sampling and the 

proposed method. The reconstruction error under different flame-dividing voxels are shown in Fig. 8. The proposed 

method reconstructs the flame temperature field accurately with a considerable reduction of maximum error of 24.76% 

and the mean relative error of 67.89% compared to the original sampling. Therefore, the proposed method simplifies 

the reconstruction process even for relatively larger flame-dividing voxels, thus improving the reconstruction 

accuracy and efficiency, effectively. 

 

Fig. 8. Temperature reconstruction error under different flame-dividing voxels. 

 

4. Experimental evaluation 

Further to verify the proposed method, experiments were carried out to reconstruct the 3-D absorption coefficient 

and temperature distribution of ethylene (C2H4) diffusion flames. A monochrome LFC is used to capture the flame 

images under different operation conditions. The structure of the LFC is shown in Fig. 9(a). The focal length of the 

main lens is 50 mm. The size of the MLA is 100×100 µm, with a corresponding 𝑓-number of 4.2. The photosensor 

(i.e., JHUM 204B) has a resolution of 1920 (H)×1200 (V) with a pixel size of 5.86 µm. The detailed structure of the 

LFC can be found elsewhere in [23]. Bimodal laminar non-axisymmetric ethylene diffusion flames were generated 

through a co-flow burner at atmospheric pressure. A replaceable two-nozzle plate was positioned at the central point 

of the co-flow burner. The structure of the burner is shown in Fig. 9(b). It consists of two 8 mm inner diameter 

nozzles for fuel injection surrounded by a 50 mm inner diameter co-annular tube for co-flow air supply. The 

geometric structure of the burner plate can be found elsewhere in [43]. The burner is placed on a supporting plate 

that can be lifted and rotated. Two mass flow controllers (Sevenstar CS200A) were used to supply constant flow 

rates of ethylene fuel and air. Three different combustion operation conditions were considered and listed in Table 4. 

Example flame images of these three conditions are shown in Fig. 10. In addition, a Gülder laminar axisymmetric 

diffusion flame burner was also used to validate the feasibility of the proposed method [44]. In this burner, ethylene 



fuel is supplied through a central nozzle. The outside and inner diameters of the nozzle are 12.7 mm and 10.9 mm, 

respectively. Air is supplied through a co-annular tube with an inner diameter of 100 mm. Detailed information 

regarding the Gülder burner can be found elsewhere in [45]. 

  

(a) Structure of LFC (b) Structure of the bimodal flame 

burner 

Fig. 9. Main parts of the experimental setup. 

 

Table 4. Experimental conditions of bimodal flame. 

Condition Ethylene (L/min) Air (L/min) 

1 0.10 3 

2 0.12 3 

3 0.15 3 

 

   

(a) Condition 1 (b) Condition 2 (c) Condition 3 

Fig. 10. Example flame images captured under three operation conditions. 

 

An experiment of LOSA measurement [46] was performed using the optical configuration as shown in Fig. 11 to 

obtain transmissivity flame images. The pulsed LED lamp (Thorlabs M660L4) is coupled to an integrating sphere 

(Thorlabs IS236A-4) to provide a uniform diffused light source. The diffuse light is then collimated into a beam by 

a collimating lens (AC508-300-AB-ML) and incident on the flame. The light beam passing through the flame is 

converged by two imaging lenses (AC508-400-AB-ML), the first lens focuses the light onto the aperture and the 

second lens re-collimates the light [45]. The re-collimated beam is then captured by the CCD sensor coupled with a 

Nikon 50 mm lens. The transmissivity measurement is achieved consecutively by measuring the absorption (i.e., 

LED on) and emission (i.e., LED off) intensity [47]. For each sequence, 20 images were recorded continuously to 

improve the signal-to-noise ratio (SNR). Band-pass filters (central wavelength 660 nm) are utilized to spectrally 

filter the measured signal for both LOSA and LFI measurements. A typical averaged transmissivity image of 



Condition 2 is shown in Fig. 12. The SNR of the acquired data was meticulously measured and analyzed. The 

maximum observed SNR is about 50 dB, which aligns closely with the levels of noise intentionally introduced in the 

numerical simulations. 

 

Fig. 11. Optical configuration for absorption coefficient measurements. 

 

  

Fig. 12. Example of an average transmissivity image collected by LOSA for Condition 2. 

 

4.1. Reconstruction of bimodal flame absorption coefficient  

A comprehensive 3-D coordinate system is established and illustrated in Fig. 9(b). The central point of the burner 

is defined as the coordinate origin, denoted as (0, 0, 0). Subsequently, the X-axis is carefully oriented parallel to the 

horizontal alignment of the burner nozzle's centerline, whereas the Y-axis is precisely aligned with the vertical 

orientation of the burner nozzle's centerline. Concurrently, the Z-axis is effectively oriented to correspond to the 

direction associated with flame height. Ten directions (0°, 30°, 60°, 120°, 150°, 180°, 210°, 240°, 300° and 330° 

concerning the Y-axis) without angular occlusion between the flames are selected for the LOSA measurements to 

obtain transmissivity images. The flame was divided into 𝑁𝑧×𝑁𝑟×𝑁𝜑=15×20×20 voxels. The absorption coefficient 

distribution was reconstructed as exhibited in Fig. 13. Furthermore, the radial profiles of the reconstructed soot 

absorption coefficients at various heights are presented in Fig. 14.  

𝝉/
𝒂.𝒖.

𝒂.𝒖.
 



 

(a) Condition 1 

 

(b) Condition 2 

 

(c) Condition 3 

 

Fig. 13. Reconstructed bimodal flame absorption coefficient distributions. 

 



 

(a) Condition 1 (b) Condition 2 

 

(c) Condition 3 

Fig. 14. Radial profiles of reconstructed soot absorption coefficient at different heights. 

 

As evident from both Figs. 13 and 14, when considering one of the flame peaks as a reference, it becomes apparent 

that there is a lack of adequate interaction between the fuel and oxygen at the central axis of the fuel nozzle, leading 

to an incomplete combustion reaction that generates low levels of polycyclic aromatic hydrocarbons (PAHs) for soot. 

As the distance from the central axis increases, the fuel and oxygen interact more efficiently, accelerating the reaction 

rate and increasing the production of soot until it reaches a peak. Following this peak, the fuel concentration decreases 

and the rate of soot oxidation becomes dominant, resulting in a rapid decline in the soot until it is eliminated. The 

axial distribution of the absorption coefficient exhibits the same trend, i.e., an initial increase followed by a decrease 

as it extends outward from the outlet of the fuel nozzle. The phenomenon of flame tilt towards the burner center is 

due to a reduction in the concentration of oxygen between the flames and an increase in the axial velocity [48]. The 

reconstruction time for absorption coefficients under three different conditions is approximately 140s, consistent 

with the numerical simulations conducted using the same voxel numbers. The maximum absorption coefficients 

achieved under three operating conditions are 54.82 m-1, 50.18 m-1, and 56.44 m-1, respectively. Notably, these 

coefficients exhibit a non-monotonic relationship with the increasing fuel concentration. This intricate behaviour can 

be attributed to the complex interaction between early soot nucleation, surface growth and oxidation mechanisms. 

Increasing fuel concentration reduces the flame peak temperature, which in turn reduces fuel pyrolysis, suppresses 

the generation of hydrocarbon radicals and H atoms, and mitigates the formation of soot particles. The reduction of 

flame peak temperature also decreases the surface growth rate of soot [49]. Moreover, the increased fuel 

concentration also partially inhibits the oxidation mechanism of soot, thus, mitigating the reaction between flame 



radicals (OH, O) and soot and reducing the overall oxidation of soot. However, the present absorption coefficient 

results show a good agreement with those previously reported to refs. [50, 51] in terms of both profiles and 

amplitudes. 

 

4.2. Reconstruction of bimodal flame temperature 

To improve the SNR, ten images were recorded continuously. The noise of the photosensor was eliminated before 

reconstruction. The flame was divided into 𝑁𝑧×𝑁𝑟×𝑁𝜑=15×20×20 voxels. The flame temperature distribution was 

reconstructed and exhibited in Fig. 15. It can be observed that the temperature distributions are within the range of 

1000-2100 K and exhibit a distinct pattern. The reconstruction time for temperature under three different conditions 

is approximately 700s, showing consistency with the numerical simulations as well. The maximum temperatures 

achieved for Conditions 1, 2 and 3 are 2195 K, 2176 K and 2147 K, respectively. It is evident that as the fuel flow 

rates increase, the intensity of soot formation also increases. This occurs due to relative oxygen deprivation, which 

increases the radiative heat loss.  

 

(a) Condition 1 

 

(b) Condition 2 



 

(c) Condition 3 

        

Fig. 15. Reconstructed bimodal flame temperature distributions. 

 

 

(a) Condition 1 (b) Condition 2 

 

(c) Condition 3 

Fig. 16. Comparison of reconstructed temperatures with thermocouple measurements. 

 

To validate the accuracy of the reconstructed flame temperature, an R-type thermocouple was utilized to measure 

the flame temperature in the radial direction at various heights. The measured results of the flame temperature were 

corrected to consider the radiation heat loss of the medium to the surroundings and the conduction heat loss of the 

thermocouple junctions [52]. At each sampling point, fifty consecutive readings were collected. Fig. 16 presents a 

comparison between the thermocouple measurements and the reconstructed flame temperature, with the standard 
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deviations for the thermocouple measurements also displayed. There is a high degree of agreement between the 

thermocouple measurements and the reconstructed results. The maximum difference of 68 K is observed at z = 20 

mm (Condition 3). 

In order to offer valuable insights into the performance of the reconstruction techniques, especially concerning 

the handling of discontinuities along the z-axis, the temperature profiles along the centerline of the z-axis (Y=0) 

under Condition 3 is depicted in Fig. 17. Notably, the temperature is relatively low near the outlet of the fuel nozzle 

due to the incomplete mixing of fuel and air. However, as the mixture infiltrates the combustion zone, the temperature 

rises due to the exothermic combustion reaction. Beyond the flame front, the temperature starts to decline as the 

combustion products (water vapor, carbon dioxide, etc.) mix with the surrounding air and move away from the 

reaction zone. 

 

Fig. 17. Reconstructed temperature profiles along the centerline of the z-axis (Y=0) under Condition 3. 

 

4.3. Reconstruction of Gülder burner flame 

Further verifications of the proposed method were conducted through the Gülder burner flame, with reference 

values from Ref. [53] considered in the analysis. Specifically, a similar ethylene flow rate was set i.e., 0.194 L/min. 

However, due to the limitations of the mass flow controller’s range, the air flow rate in this study was set to 30 L/min, 

whereas in Ref. [53], it was set to 284 L/min. Comparative analyses were extended to other optical methods 

mentioned for reconstructing the flame temperature. The outcomes of these cases are visually depicted in Fig. 18. 

The absorption coefficient and temperature reconstruction results of the proposed method are depicted in (b1) and 

(c1), respectively, while those of Ref. [53] are presented in (b2) and (c2), respectively. Notably, (c3) involved 

reconstructing the flame temperature using a soot absorption coefficient of 10 m-1 [30], while (c4) represented the 

proposed method without extracting flame-containing voxels and filtering effective rays. The temperature 

reconstruction results under different reconstruction methods are displayed in Table 5 for a clearer presentation. 



 

Fig. 18. Comparison results of flame temperature and absorption coefficient. (a) Example of a raw LF flame 

image, (b) Absorption coefficient (b1: proposed method, b2: Ref. [53]), and (c) Temperature (c1: proposed 

method, c2: Ref. [53], c3: Ref. [30], c4: without extracting the flame-containing voxels). 

 

Table 5. The temperature reconstruction results under different reconstruction methods. 

Case 
Peak 

temperature/K 

Peak temperature relative error 

compared to [53]/% 

Overall relative error 

compared to [53]/% 

c1: Proposed method 2118 1.76 7.36 

c2: [53] 2156 / / 

c3: [30] 2046 5.10 8.36 

c4: without extracting the 

flame-containing voxels 
2027 5.98 10.03 

 

It can be seen that the absorption coefficient distributions exhibit a similar trend with the Ref. [53]. Both 

distributions show peak absorption coefficients within the flame annulus with values of 58.28 m-1 and 59.09 m-1, 

respectively (i.e., corresponding to the soot volume fraction of 7.91 ppm and 8.02 ppm). When considering the 

absorption coefficient distribution across the entire domain, the overall relative error of 1.32% is achieved through 

the proposed method. This indicates that the method proposed provides precise results concerning both the range 

and distribution region of the absorption coefficient. 

Fig. 18(c) displays the reconstructed temperature distributions and in all cases, peak temperatures are located in 

the wing of the flames. The reference value of the peak temperature is 2156 K, and the reference distribution of the 

temperature is shown in Fig. 18(c2) [53]. The peak temperature and relative errors for all cases are presented in Table 

5. Notably, the proposed method yields a peak temperature of 2118 K. Meanwhile, peak temperatures recorded in 



(c3) and (c4) are 2046 K and 2027 K, respectively. Relative errors for peak temperatures across these methods are 

1.76%, 5.10%, and 5.98%, respectively. Considering the reference temperature distribution, overall relative errors 

are 7.36%, 8.36%, and 10.03%, respectively. It's worth noting that for all cases, including c2, c3, and c4, the error is 

calculated using the reference boundaries as outlined in c1. These findings affirm the effectiveness and accuracy of 

the proposed method. 

 

 

5. Conclusions 

This study presents a novel approach for retrieving the 3-D soot absorption coefficient and temperature of flames 

by combining the line-of-sight attenuation and light field imaging techniques. The effectiveness of the proposed 

method was verified through numerical simulations. These simulations involved a comprehensive exploration of 

diverse factors, including noise levels, a comparative study with recent light field reconstruction techniques, and the 

manipulation of flame-dividing voxel numbers. Experimental studies were also carried out to further validate the 

applicability of the proposed method. The conclusions derived from this study are summarized below: 

• Compared to the currently adopted light field imaging-based reconstruction methods, the proposed method 

demonstrates a higher accuracy in reconstructing the 3-D flame temperature and providing shorter reconstruction 

times.  

• The proposed method also demonstrates an effective noise resistance for an accurate reconstruction of soot 

absorption coefficient and temperature distributions. Even in the presence of a 5% noise level, the mean absorption 

coefficient and temperature reconstruction relative error remain remarkably low at 1.64% and 1.01%, respectively. 

• The experimental results of bimodal flame temperature reconstruction exhibit an excellent agreement with 

thermocouple measurement with a maximum difference of 68 K. For axisymmetric diffusion flames, the 

reconstructed absorption coefficients and temperature also demonstrate a good agreement with the literature.  

Future works will be focused on developing an optical system for the transient measurement of 3-D soot 

absorption coefficients and temperature in unsteady flames. 
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