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Abstract: The tunable diode laser absorption spectroscopy ( TDLAS) technology has been widely applied in
combustion diagnosis due to their high sensitivity, high spectral resolution, fast time response, robustness and
non-intrusive character. Based on the TDLAS and the tomographic imaging, the convolutional neural network
was used to reconstruct the temperature and the H,O concentration of the premixed flame. First, the key pa-

rameters influencing the reconstruction accuracy of the convolutional neural network, including the activation
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function, the loss function, the optimization function, and the learning rate, were analyzed. The optimal pa-
rameters were selected according to the reconstruction results, the loss value and the convergence speed. The
research show that, the optimized convolutional neural network significantly improved the reconstruction accu-
racy. Furthermore, the reconstructed errors of 2D temperature and water vapor concentration were reduced by
2.08% and 0.75% compared to the previous values, respectively. Then, the simulation and verification of the
plane premixed flame on a McKenna burner were carried out with the convolutional neural network and the a-
daptive algebraic reconstruction technique. The results indicate that, the temperature and H,O concentration
distributions reconstructed with the convolutional neural network are smoother and computation time-saving,

and are more consistent with the actual combustion situation.

Key words: convolutional neural network; temperature and water vapor concentration reconstruction; laser

absorption spectroscopy; algorithm parameter optimization

o 51 7

U 28 % 1) PR 2 e B AN T RB IR B VR 1 T 2R, T PR BE 75 G 5 — A RRHI AR 3225 1 A A R R R e
T REWCHE” BORRY T, BT e HERC 2 i BE IR A IR e ol S ol i S Ak 0 R R SEAG ) HE ik i
13 IC R BB A AT R e —Fh S S AR BRI G o] 52 I A ) (1) 2 ) 4 B[] 20 0 e SR 5 i e v )
SFAESH AT I EL R BR AR T AR, PRI CIR SO IS AR (TDLAS ) FEAR A3 A N0 5 | i i B2 0 6 R
B v e 2 P T B 7 DR S R A, FE MR BE IS T T AR B T2 I Y A 22 [ A3 R TDLAS
Xt KAGRRGES WA T T KA FSE . Zhang 551 HoA T DUROA [l 3% AR R B KA TR B S i b i 45, &
PR R ACEE 2245 R (adaptive algebraic reconstruction technique, AART) b HA = Fliidk AR 559 B33 A il ok
RIS I v ) A2 2% T A ) L B 2 T SRR A DR R S Cad I Ma 25000 2 1 T SRS AR SO J2 AT 1A% 2
A ARERE T JEHT AR A E] 43 B3R X AR B Fourier SRR | 18 13 137 14714 mT SREBUECE 40k
WO, R MR B A T %23 (R R AR B 75 3K H AT, % HOR & BB H1 T J85 it zs & shpil i K A — 4k K IR EE 43
A E g B ] 43 BERe ik 31 50 kHz' AR, A S S Bk 7 B ik B b B o O AR AR BT TPt
25 NS By BOE BURSE BRI PRI TR bR RS L B N 0 E AR | R HE S TDLAS TERARE 12 Wy il
I FH R S Bt 5 TR P 22 ) 2% ( deep neural network , DNN) FIHL#S 2% >) (machine learning, ML) 76 N T8 fiE |
PRGN 25 45T ) )2 I, A% G0 e B 2 2T E REAR AN € TDLAS rh iR B8 R B2 A8 SRS BURHIE ; 7E I B2 4L
YEA BRI, i85 2% 2 (transfer machine learning, TML) T ] e /05 Y KR A S BRI ARG o F A A
DNN (i AL 3 R 2 I 46 ( CNN) BB A% 78 73 FI FH B0 AT J2 A7 25080 047 3 g 45 40 BTt Zhang 4517 3k
T ONN S 7 —FABR A X 020G d 07 v %07 i R CNN A R T T IRGR & X 554k CT &
HEPFRMG T L, [R]E D R S5 4 O 7 0 T EAT 3 3 Huang 551 R FY CNN 3 #2382 4311, 7631
SAEARTTR AT AL 1 CNN S50 RE PR 5¢ Gl B 37 AR TP A5 NN FE DRI [R] 45K
JEE (4 TR BE A 8040 J S0 R 1) 5 B B S ) B M B 7 Fu 350 il 0 Bl ) 24 AU R AL T 3h 28 k0 IR
B SO ARG B 38 0 S R B A BT TN B TN 2R R T NN B85 & 8 51t
SERAIE 7207 AR 1205 HAT R 8785 N WIS B2 RN 52 B50RE A% e 1 32 A0 12 X6 48 5 B840 R
Ve, RS B 5 2 WS T O HU PO B ) AR B 40 T HEFEIHC  17 CNN 3 3%
T 3 B A YI T DAAR S skt Sl s | SR 0N B RS B RS, bRt | AR R AR
R 1 LA_E RS AT AT, CNN Sk 7 Bt 5 v B R HORG BE AN A (HX T CNN Bk 25 it f2
Ok, 7T LA 2R B RS IE R H CNN 55k 2 T IEMGARN 3R 75 AL 345 05 T, X T RARE K I 1Y
T T A ELZ X FetE R 1 4R S AR KO T R R S, AR SN 2 S
HEAT T XF 5 0007 $R S S R ST B, R T 4R PR MR IR EE S H,0 W E A Y 2l CNN
SRR AR N FHBEE 1 — & B BRI LAl



5510 A ST SR R 22 0 2% 1 0RO IRLEE 5 HL O R 2 Ll D VA 1325

| S/ N

1.1 TDLAS YR IE

R R I ELOC R ZE R B IN B A DR OGRS T B AR AR B A & A e,
PO B R el )5 R G R ] 15

I +oo
A=- m(loj = J_w(PST &, XL)dv, (1)

K, A KRR 5 1, RN 1, OB SRS 18385 G50 B R s A B 6amEE ;S A AR 26 1
i, cm ™ catm ™' (1 atm=101.325 kPa) ; P RSB ESE , atm; X ISR IRBURIE; o, MEAIREL,
em; LSRR EE , em I FEBE FNZ ol 2 [A] A9 ¢ R Al 15

hev
, 1 - exp(oj
Q(T,) T, _th(l_ ljx kT (2)

TR Y A hev,
1 —exp T
0

T T,
Krf, Q(T) RAARNER T FIREL, T, WSHIREM, B T HARESERIERE, v, MIELNTT.OMR, h
Planck ﬁ‘;’ﬁ, ¢ NI, kN Boltzmann ﬁi&[m.
1.2 BEMEREZXRE
20 DXl N AR B SR B A A AN KIS T O (D) BT OS5 T SRBOLTP R 2 SRR E 4 R
R PN D AR AT %) B AR AR WSy

N

Avl,j = 2 [PS(T)XJL'I,{ Li,j = z arl,i Li,j’ (3>
i=1

i=1

=

N
Apz,,' = 2 [PS(T>XJ02,;, Li,j = Z Qp i Li.j’ (4)
4 -

O A A, R T AT B X R B BB L, ¢ IR DX B B UK 4 o, ,
o, PR P 2 A 0 R R
FIFH AART Bk e B I BT 5 1,0 VR A0 A | 75 B0 AR PO vy, , O oy, | SEEATREAG
KA U AART B 50 B R 14 1 ORI R B o 9282
(k) = a(K)L,, (5)

(4, = 2 a(K) L) yi(h)
a,(k+1)=a,(k) +A - . (6)
2(%%MD

SEGHEERTEM L, T IER T v,(k) MAFFE, AART 78 5 H0R5 B A3 FE IS O A3 1R AR
B A CAAAEBIRT TEL256 T AART BILAYTEAR(E B n] 3% SCHk[ 2,5, 18].

TR TR, 5 AR A 2R 2 S 22 i) ) 5K R T AR B 1y 33

hC/(k(E22 - E'fl ) )
=R (S, (1) /S,(T,)) +m(E,=F")" (7
Hr, S(T,) BB HZIRIERN T, AL, S,(T,) FS,(T,) NSHIEN T, I — LT AL n 2o
R RIS TE LI SR R B L
1.3 CNN E#

CNN 150 577 F 5 A DNN Bk, 26 2400800k 32 66 R4 CNN 3R 177 18 2 A8 A, (LI AR 4
REARL, FE AR 2B )R R N R S IR E A B, 45 R R 58 AR L RTE R T
SEREH) CNN (RZR VO 1 /R T IR CNN 3T 0 hh M4 R FH U2 R 2 i, Hob B BUZ 280580 R
3, 8B R 2x2 KB 1, 06 RECR T “ ReLU” , 2K pRBICR FH 4 77 R 22 “ MAPE” {20 4 2,5k




1326 A I G SR | M = 2026 4 47 &
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Fig. 1 A typical structure of CNN for tomographic absorption spectroscopy
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Fig. 2 The data acquisition flowchart in the CNN algorithm
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Table 1  The specific parameters of H,O absorption lines
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Fig. 5 Variations of H,O spectral line intensities and temperature sensitivities with the temperature
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Fig. 6 The convergence curves of different parameters during the reconstruction process with the number of iterations
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Fig. 11  Tomographic images with optimized CNN and AART
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