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Abstract: In view of the low efficiency and the uncertainty for accurate measurement in the com-
bustion kinetic model developing process. an intelligent modeling method based on experimental
data was proposed in the work. The Markov chain Monte Carlo and Artificial Neural Network
(ANN) methods were used for accelerating the Bayesian approach for solutions; the combustion
kinetic model for acetic acid was automatically optimized based on the measured laminar flame
speed. The simulated results show that the uncertainty of ANN test sets can be reduced to 1% by
increasing the sample size and hidden layers, which meets the requirement of the surrogate kinetic
model. ANN can produce a large number of samples and effectively reduce uncertainty and im-
prove convergence efficiency during MCMC sampling. Being constrained by measured laminar
flame speed, the posterior probability of the rate coefficient of reaction CH,CO,H+ H=CH,CO

+ H, O has changed a lot compared with the prior probability. The average rate coefficient increa-
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ses with a factor of 10 and the uncertainty also decreases. The acetic acid laminar flame speed is

the most sensitive when subject to the above reaction. In addition, the modified combustion ki-

netic model shows accurate prediction on the measured laminar flame speeds at different tempera-

tures and much smaller uncertainty of the model being constrained. The research results provide

reference to the combustion kinetic model in practical engineering application.

Keywords: combustion kinetic model; acetic acid; artificial neural network; Bayesian analysis
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Table 1 Rate coefficients and uncertainty factor of selected reactions
bR S A n E,/(k] « mol ") T/K Ur
1 H+0,(+AR)=HO, (+AR) 4.660X10" 0. 44 0 300~2 500 2
2 2H,O=H+OH+H,O 1. 000X 10%* —2.44 502. 75 300~2 500 2
3 H, +OH=H,O0+H 2. 140X 10" 1.52 14.43 300~3 000 2
4 CH; +HO,=CH; O+O0OH 1. 000X 10" 0.269 —2.88 300~3 000 2
5 2CH; (+M)=C, Hs (+M) 3.610X10" 0 0 300~3 000 2
6 CO+0OH=CO,+H 2.230X10° 1.9 —4.85 300~3 000 2
7 HCO+M=H-+CO+M 4. 750X 10" 0. 66 62.22 300~3 000 2
8 HCO+H=CO+H, 1. 200X 10" 0 0 300~3 000 2
9 HCO+OH=CO+H,0O 1.100Xx 10" 0 0 300~3 000 2
10 HCO+ 0, =CO+HO, 6.920X10° 1.9 —5.73 300~3 000 2
11 C,H; (+M)=C,H, + H(+M) 1.110X 10" 1.037 153. 83 300~3 000 2
12 HCCO+0=2CO+H 1.000X 10" 0 0 300~3 000 2
13 HCCO+0O=CH+CO. 2.950 X 10" 0 4. 64 300~3 000 2
14 CH,CO+H=CH; +CO 7.770X 108 1. 45 11.63 300~2 500 1.5
15 CH,CO+H=HCCO+H, 1.000X 10" 0 51. 46 300~2 000 3
16 CH,CO+OH=CH,OH+CO 2. 640X 10" 0 —2.30 300~3 000 3
17 CH,CO+OH=HCCO+H,0 1.780Xx 10" 0 24.43 300~3 000 3
18 CH,CO+OH=CH; +CO, 3.000X 10" 0 0 300~3 000 3
19 CH;CO,H+H=CH,CO,H+ H, 1. 000X 10* —2.0 0 300~2 000 10
20 CH;CO,H+H=CH;CO,+H, 1. 680X 10" 2.9 30. 86 500~2 000 5
21 CH;CO,H+0O=CH,CO, H+OH 1. 790X 10° 2.3 63. 66 500~2 000 5
22 CH;CO, H+0O=CH;CO, +OH 2.300X10" 2.93 29.46 250~2 000 10
23 CH;CO,H+OH=CH;CO, +H,0O 8.500X10° 2.1 41. 34 300~2 000 10
24 CH;CO,H+OH=CH,CO,H+H,O 2.120x10* 4.8 —16.52 500~2 000 2
25 CH,CO+OH=CH,CO,H 4. 000X 10" 0 0 250~2 000 10
26 CH,CO,H=CO, +CH; 2.050X107 1.48 154. 10 250~2 000 2
27 CH,CO,H+H=CH,CO+H,0O 1. 140X 10% —3.11 29.45 200~3 000 10
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model and its impact on R27 after model optimization
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Fig. 9 The diagram of the simulation of laminar flame speed
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Fig. 10 Model prediction of laminar flame speeds
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