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Fig. 1 Reconstruction of absorbance density image for a simulated phantom. (a) Original absorbance density image; (b) image

reconstructed with the Landweber algorithm; (c) residual image
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Fig. 2 Overall architecture of the proposed TRACT algorithm
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Table 1 Detailed steps of the Landweber-TV algorithm

Algorithm 1: Landweber-TV algorithm

Input: path integrated absorbance vector A€ R, chord length matrix L E R, regularization parameter 2.,
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Forn=1, 2, ---, Ndo
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v
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End for
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Fig. 3 Network block implementing the nonlinear operation in the 4-th layer of ISTA-mNet
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Implementation process of ISTA-mNet

Algorithm 2: ISTA-mNet

Input: path integrated absorbance vector A, €R“*'  chord
length matrix LER"Y, the number of layers K, initial step

size 0, and initial threshold ¢"
Initialize: a"=L" A,
Iterations:

Fork=1, 2, ---, Kdo

Linear operation:
rk:akfl+pk71LT(A‘7Lakfl)
Nonlinear operation:

r'= VectorZMatrlx( )

a' =yt (r m{soﬁ[fm 19‘ 1:|}
a' = Matrix 2 Veclor( )

End for

a,=a"

Output: a, € R !
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Table 3
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Implementation process of TRACT

Algorithm 3;: TRACT

Input: path integrated absorbance vectors A, €R“"' and
A, eR“"' chord length matrix LER""™,
parameter A., the number of iterations N in Landweber-TV,
the number of layers K in ISTA-mNet, initial step size o°, and
initial threshold ¢’

Initialize: a) = 0""',

regularization

d? j— 0;'\/1><l
Iterations:
Forv=wv,,v,do
Cartoon component reconstruction stage:
a.,=Landweber-TV{A,, L, A, N |
Texture component reconstruction stage:
A .,=A,— La.,
a,,=1STA-mNet{A,,, L, K, ", 0"}
Reconstructed absorbance density vector:
a,=a.,+a,

End for
Form=1, 2, ---, M do
h.
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7= k
m ( )
um+l 0 + E'” I’L”
a m ( 0) ( ’ )kTo
End for

Output: temperature distribution vector T= |:Tl T; cee )
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Fig. 4 Optical layout of the TDLLAT experimental system
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TV, and TRACT, respectively

B — 3
45 ZRRTDLATZSNEHIENEELR

N T HE— B UE TRACT 9% /Y & 2 1 fE ,
FHS2 56 % #5320 TDLAT 5256 2 48 45 45 il 552 b 0 2
Bl AT B A ER M E R . R RS

ot S R R 00 47 BIOBR 58 7 A= 19 HLO 1y Bl 0 <K
it J 4 #i 2L = 5 (DFB) # 0% #§ NLKIESGAAA
(NTT Electronics Company) fil NLK1IB5EAA (NTT
Electronics Company) 43 5l il & i T ©v,=7185.60 cm '
il v,=7444.36 cm " 4b 19 HLO AWMk . 7 7 (a)
N T ZRG SR I BRI . DU S T AL T A e A
T IE B 2 em @ AL . Rol %8

S A7 B AN & 7 (a) Hp

B HERT 728 o 1% TDLAT 5256 2 40 i HoAth i 4 24 %
BSOSk 12,24-25] 0 AR R SEIG R G AR v, v,
T AR B R B A WY fE i A, eRPDM
A, ER¥ IR Rol 1 # 40X40 1% 25 /Y 18 B 7 A
ESRE

PLEL 7 (a) s B AR R IR e 3 R 1), 161 7 () ~
(f) B 7= 1 4 9 A B Landweber . ART-TV . HCNN .
Landweber-TV il TRACT JiZ ¥R ke 3 Rol H 4 A9 i
A A% . s E 7(b)~ (D) Al A, 5 Landweber
ART-TV .HCNN , Landweber-TV () & & [& 1% 41 Lt ,
TRACT H 28 BE b I 1 25 18] 2 6 38 i, KOG IX
SR A 1) e 0] R R DX ) PR R T D

Temperature /K
1000
800
600
400

K7 R TDLAT S5 5 G0 5 5200 808 3 2 19 Rol I8 2 04 KM% . (a) TDLAT SE 56 £ 48 & 25 (8] i 40 %] 5 (b) ~ (f) Landweber
ART-TV .HCNN . Landweber-TV . TRACT % 5 2 % Rol ¥ BE 43 1 K 1%

Fig. 7 Temperature distribution images reconstructed for the Rol in real TDLAT experimental system. (a) Top view of the

measurement field of the TDLAT experimental system; (b) - (f) temperature distribution images of the Rol reconstructed by
Landweber, ART-TV, HCNN, Landweber-TV, and TRACT, respectively

AT R b Ll AR I B HER P K Landweber,
ART-TV HCNN . Landweber-TV #l TRACT & # i
T 3 A B i W 5 R 8 7E 1% Rol P S5 Br il 4t
20 1 I B e s (E SR AT LB . AE IR 7 (a) BRI be
Rol H, 4 Ha ) 5 B 00 45 1) L 8 e o5 {4 1093 Ko 7E
&7 (b))~ () Jr 7~ 4 3 3 A B R rh I R WA
W14 811.901.899.989.1022 K, A] W, 5 HiAth 4 Fh 44
A, TRACT 2 A 119 I 5 06 1 5 B e 48 52 s ) 75
) T I v (B R 30

5 4 1w

EHW RG-SR 5] A TDLAT @ s, #2817
FE TR - S BB B U R TRACT ., i H
&R XS 8] R AR AR 15 31 A9 Landweber-TV 554
FIISTA-mNet 25, 43 51 S8 T SR 0% B 1%
38 A5 AT SRR R o ) v R L R T AR
W B PG A e M A R e, TR TR TR o A
G R . R FDS B4 48 34T B9 05 L 92 860 %

0611001-8



R

WY, 5 9 A R R E E7 % Landweber . ART-TV |
HCNN  Landweber-TV #f b , 7£ 25 dB~45 dB Ky {5 1
e L, TRACT 553k 2 gt R 0 13— fb 3% 7 i
P 0> B FEAR T 54.37 % ~58.67% . 45.93%~51.96% .
29.60% ~39.44% F1 28.48%~35.38% , J H. TRACT
SR EE A L R A AR i Ol D R R A A
B R0 05 AT R AE 2 5 DR AR FE AR T Ry 423 . R
TDLAT 3£ 5 % 48 5% bRl 2 50 o547 ) S0 5 3%
M, 5 Landweber. ART-TV,HCNN. Landweber-TV
HHEE, TRACT 59k 5 A0 I8 8 0 A TR % e % o ife
iffy b S LR B 3 1 L SRS

(1]

(2]

(3]

(8]

[9]

& £ X #

Cai W W, Kaminski C F. A tomographic technique for the
simultaneous imaging of temperature, chemical species, and
pressure in reactive flows using absorption spectroscopy with
frequency-agile lasers[J]. Applied Physics Letters, 2014, 104(3):
034101.

W K, KT, SE L OO0 IS R AT R B R e be
M) P EEOE, 2022, 49(19): 1904002,

Cao Z, Gao X, Lu F H, et al. Laser absorption spectral
tomography for dynamical combustion monitoring[J]. Chinese
Journal of Lasers, 2022, 49(19): 1904002.

Liu C, Xu L J. Laser absorption spectroscopy for combustion
diagnosis in reactive flows: a review[J]. Applied Spectroscopy
Reviews, 2019, 54(1): 1-44.

Yan Y C, Liu M Z, Xiong J K, et al. An improved ART
algorithm for attenuation coefficient reconstruction of tomographic
gamma scanners[J]. Nuclear Instruments and Methods in Physics
Research Section A: Accelerators, Spectrometers, Detectors and
Associated Equipment, 2022, 1038: 166910.

Dong J, Kudo H, Kim Y. Accelerated algorithm for the classical
SIRT method in CT image reconstruction[C]//Proceedings of the
5th International Conference on Multimedia and Image Processing,
January 10-12, 2020, Nanjing, China. New York: ACM Press,
2020: 49-55.

Jeon M G, Deguchi Y, Kamimoto T, et al. Performances of new
reconstruction algorithms for CT-TDLAS (computer tomography-
tunable diode laser absorption spectroscopy)[J]. Applied Thermal
Engineering, 2017, 115: 1148-1160.

Bead B, ARLEs), 0% 45 T ok Landweber 55 35 (%
AN FET]. #O 5ot Tk, 2023, 60(16): 1611003.
Yao J Y, Zheng X Z, Li H J, et al. Research on optical
tomography based on optimized Landweber algorithm[J]. Laser &.
Optoelectronics Progress, 2023, 60(16): 1611003.

Huang J Q, Liu H C, Dai J H, et al. Reconstruction for limited-
data nonlinear tomographic absorption spectroscopy via deep
learning[J]. Journal of Quantitative Spectroscopy and Radiative
Transfer, 2018, 218: 187-193.

AR, R B, PR, AL R T G L GE Transformer 5
Z RO R AR Rl S AR 8 7 I R AT R U] T 5 1F B
e, 2023, 45(10): 3511-3519.

Si J J, Wang X L, Cheng Y B, et al. Hierarchical vision
transformer and multi-scale features merging based temperature

[10]

[11]

[12]

[13]

[14]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

0611001-9

#5514 F 6H1/2024 £ 3 B/ E#N

tomography for combustion field[J]. Journal of Electronics &.
Information Technology, 2023, 45(10): 3511-3519.

Huang G X, Liu Y Y, Yin F. Tikhonov regularization with
MTRSVD method for solving large-scale discrete ill-posed
problems[J]. Journal of Computational and Applied Mathematics,
2022, 405: 113969.

Nadir Z, Brown M S, Comer M L, et al. A model-based iterative
reconstruction approach to tunable diode laser
tomography[J]. IEEE Transactions on Computational Imaging,
2017, 3(4): 876-890.

Bao Y, Zhang R, Enemali G, et al. Relative entropy regularized
IEEE
Transactions on Instrumentation and Measurement, 2021, 70:
4501909.

Meyer Y. Oscillating patterns in image processing and nonlinear
evolution equations[M].
Society, 2001.

Zhang J, Ghanem B. ISTA-net: interpretable optimization-inspired

absorption

TDLAS tomography for robust temperature imaging[J].

Providence: American Mathematical

deep network for image compressive sensing[C] //2018 IEEE/
CVF Conference on Computer Vision and Pattern Recognition,
June 18-23, 2018, Salt Lake City, UT, USA. New York: IEEE
Press, 2018: 1828-1837.

Zhang H W, Ni J C, Xiong S C, et al. SR-ISTA-net: sparse
representation-based deep learning approach for SAR imaging[J].
IEEE Geoscience and Remote Sensing Letters, 2022, 19:
4513205.

Sidky E Y, Kao C M, Pan X C. Accurate image reconstruction
from few-views and limited-angle data in divergent-beam CT
[J]. Journal of X-ray Science and Technology, 2006, 14(2):
119-139.

Mcgrattan K B, Baum H R, Rehm R G, et al. Fire dynamics
simulator-technical reference guide[M]. Gaithersburg: NIST,
2000.

Patankar S V. Numerical heat transfer and fluid flow[M]. Boca
Raton: CRC Press, 2018.

QiHL, ChenZJ, WuS Y, etal Iterative image reconstruction
using modified non-local means filtering for limited-angle computed
tomography[J]. Physica Medica, 2016, 32(9): 1041-1051.

Grauer S J, Tsang R W, Daun K J. Broadband chemical species
tomography: measurement theory and a proof-of-concept emission
detection experiment[J]. Journal of Quantitative Spectroscopy and
Radiative Transfer, 2017, 198: 145-154.

Arridge S R, Schotland J C. Optical tomography: forward and
inverse problems[J]. Inverse Problems, 2009, 25(12): 123010.
Zhao W S, Xu L J, Huang A, et al. A WMS based TDLAS
tomographic system for distribution retrievals of both gas
concentration and temperature in dynamic flames[J]. IEEE Sensors
Journal, 2020, 20(8): 4179-4188.

Cat W W, Kaminski C F. Tomographic absorption spectroscopy
for the study of gas dynamics and reactive flows[J]. Progress in
Energy and Combustion Science, 2017, 59: 1-31.

SiJJ, Fu G C, Liu X, et al. A spatially progressive neural
network for locally/globally prioritized TDLAS tomography[J].
IEEE Transactions on Industrial Informatics, 2023, 19(10): 10544-
10554.

Enemali G, Zhang R, McCann H, et al. Cost-effective quasi-
parallel sensing instrumentation for industrial chemical species
tomography[J]. IEEE Transactions on Industrial Electronics,

2022, 69(2): 2107-2116.



#5514 £ 6H1/2024 £ 3 B/ E#N

Laser Absorption Spectroscopy Tomography Based on Cartoon-Texture
Model

Si Jingjing"', Lii Dongcan', Zhang Rui', Cheng Yinbo”, Liu Chang’
'School of Information Science and Engineering, Yanshan University, Qinhuangdao 066004, Hebei, China;
*Ocean College, Hebei Agricultural University, @inhuangdao 066003, Hebei, China;
‘School of Engineering, the University of Edinburgh, Edinburgh EH93JL, UK;

‘Hebei Key Laboratory of Information Transmission and Signal Processing, @inhuangdao 066004, Hebei, China

Abstract

Objective Tunable diode laser absorption spectroscopy tomography (TDLAT) is an important optical noninvasive combustion
detection technique. Two-line thermometry is widely used in TDLAT for temperature imaging, in which the absorbance density
distributions for two spectral transitions with different temperature-dependent line strengths are individually reconstructed, and the
temperature image is then retrieved from the ratio of the absorbances in each pixel of the region of interest. Owing to the limited
number of available line-of-sight TDLLAT measurements in practical applications, the inverse problem of reconstructing the
absorbance density distribution is inherently ill-posed, leading to severe artifacts in the reconstructed temperature image. To alleviate
this problem, iterative tomographic algorithms have been proposed by formulating an inverse problem with a heuristically determined
prior, such as the smoothness of absorbance density distributions. These algorithms improve the quality of the reconstructed smooth
characteristics in temperature images to some degree; however, the lack of detailed features in the reconstructed image is evident. To
address this problem, a cartoon-texture model in the field of image processing is introduced into TDLAT, and the temperature

reconstruction algorithm based on the cartoon-texture model (TRACT) is proposed.

Methods The proposed TRACT individually reconstructs the cartoon and textural components of the absorbance density
distribution with smoothness and sparsity priors, and retrieves the temperature image with two-line thermometry from the
combination of the reconstructed cartoon and texture components. First, the cartoon component is reconstructed using the total
variation (TV) regularized Landweber algorithm (LLandweber-TV) to effectively retrieve the smooth characteristics and edge structure
in the absorbance density distribution. Second, the texture component is reconstructed with a modified deep network unfolded using
the iterative shrinkage-thresholding algorithm (ISTA-mNet) to supplement the detailed information in the absorbance density
distribution. Third, the temperature image is reconstructed using two-line thermometry from the complementation of cartoon-
component and texture-component reconstructions of the absorbance density distribution. With complementary reconstructions of the
cartoon and texture components, the accuracy of the retrieved absorbance density distribution and the quality of the reconstructed

temperature image are improved.

Results and Discussions To examine the performance of the proposed TRACT, it is compared with two state-of-the-art iterative
tomographic algorithms and one pioneering data-driven tomographic algorithm for TDLAT temperature imaging. These are
temperature imaging algorithms based on Landweber (referred to as Landweber), algebraic reconstruction techniques and TV
regularization (referred to as ART-TV), and convolutional neural networks (referred to as HCNN). In addition, to verily the
effectiveness of the cartoon-texture model, TRACT is compared to the temperature imaging algorithm based on Landweber-TV, that
is, the cartoon-component reconstruction algorithm. In the simulations, the dataset is generated using Fire Dynamic Simulator (FDS).
Tests are conducted in a practical signal-to-noise ratio (SNR) range of 25 dB-45 dB. The normalized mean square error (NMSE) is
adopted to quantitatively evaluate the reconstruction accuracy. The simulation results show that the NMSE obtained by TRACT is
always lower than those obtained by the other four algorithms (Fig. 5). Taking an SNR of 35 dB as an example, compared with the
NMSEs obtained by Landweber, ART-TV, HCNN, and Landweber-TV, the NMSE obtained by TRACT decreases by 58.67 %,
51.96%, 39.44% , and 35.38%, respectively. In terms of subjective quality, the temperature image reconstructed by TRACT is
more consistent with the ground-truth phantom, and less information remained in the residual image than in the temperature images
reconstructed by Landweber, ART-TV, HCNN, and Landweber-TV (Fig. 6). Laboratory-scale experiments are conducted to
validate the performance of the proposed TRACT. In the temperature image reconstructed by TRACT from the actual TDLAT
measurements, the location of the flame agrees better with the true combustion field, and fewer artifacts exist compared to the
temperature images reconstructed by Landweber, ART-TV, HCNN, and Landweber-TV (Fig. 7). Moreover, the peak temperature
value retrieved by TRACT is closer to the highest temperature value measured by the thermocouple than those retrieved by the other

four algorithms.

Conclusions The cartoon-texture model is introduced into the TDLAT, and a temperature reconstruction algorithm based on the
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cartoon-texture model (TRACT) is proposed. TRACT utilizes the Landweber-TV iterative tomographic algorithm and the ISTA-
mNet network, designed with different priors of the image features, to achieve efficient reconstruction of the cartoon and detailed
texture components in the absorbance density distribution, respectively. This improves the accuracy of the reconstructed absorbance
density distributions and, in turn, the quality of the reconstructed temperature image. Simulations with the dataset generated from the
fire dynamics simulator showed that, in comparison to Landweber, ART-TV, HCNN, and Landweber-TV, the normalized mean
square errors obtained by TRACT decrease by 54.37% ~58.67%, 45.93% ~51.96%, 29.60% —39.44% , and 28.48% —35.38% ,
respectively, in the SNR range of 25 dB-45 dB. The temperature images reconstructed by TRACT have fewer artifacts and are closer
to the ground-truth phantoms. Reconstructions with actual TDLLAT measurements obtained from the lab-scale TDLAT system show
that in comparison to Landweber, ART-TV, HCNN, and Landweber-TV, the performance of TRACT for reconstructing the
temperature distribution in a real combustion field is higher, as evaluated quantitatively and visually.

Key words spectroscopy; tunable diode laser absorption spectroscopy; tomography; temperature reconstruction; two-line

thermometry; cartoon-texture model
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