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Abstract

Machine learning for the 

representation of chemical 

kinetics in reactive flows

Jeongyong Lee

Interdisciplinary Program in Space Systems

The Graduate School

Seoul National University

   Reducing the computational cost of chemical kinetics is 
essential to implement detailed reaction mechanisms into realistic 
numerical simulations. The present study introduced an artificial 
neural network (ANN) that can predict the chemical source terms 
of each species for the given species mass fractions and 
temperature, replacing the conventional chemical terms based on 
Arrhenius rate equations. The ANN was trained using numerical 
solutions of opposed-flow flames that can cover a wide range of 
combustion problems. The OPPDIF code and a detailed reaction 
mechanism for hydrogen and air with 9 species and 19 reactions 
were used to generate a training dataset comprised of species 
mass fractions, temperature, chemical source terms. A 
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physics-guided loss function that considers mass conservation of 
elemental species was employed. Using the trained ANN, a 
modified OPPDIF, named OPPDIF-ANN, was prepared by replacing 
the CKWYP with CKWYP-ANN evaluating the chemical sources via 
the trained ANN. For multiple global strain rate conditions, the 
solutions using ANN-based source terms were proven to be 
identical to those using Arrhenius source terms.

keywords : Machine learning, Artificial neural network, Chemical 
kinetics, Opposed-flow diffusion flames
Student Number : 2020-26614
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Chapter 1. Introduction

Recently, numerous numerical studies are being conducted in the 
process of developing combustors for space launch vehicles and 
rocket engine combustors [1,2]. At this time, a detailed reaction 
mechanism is required to accurately predict combustion 
phenomena such as ignition, extinction, and combustion 
instability. Accordingly, attempts to apply the detailed reaction 
mechanism to numerical simulation of combustion problems are 
currently increasing [3].

Figure 1.1. Correlation between number of 
reactions and number of species for various 
kinetic models [4]

Therefore, when the detailed reaction mechanism is directly used 
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for numerical analysis, a huge computational cost is incurred. 
Recently, several approaches to accelerate chemical kinetics 
calculation such as intrinsic low-dimensional manifolds (ILDM) 
[6], look-up table (LUT) [7], and in situ adaptive tabulation (ISAT) 
[8] have been studied to reduce the computational cost of 
reacting flow computations. However, these methods require huge 
memory [9]. Also, when these methods are used as a 
multi-dimension table, the calculation speed is slow and 
interpolation errors occur [10].

Figure 1.2. Overall CPU time for calculating 
thermodynamic and kinetic data for different kinetic 
mechanisms versus the number of species [5]

Since artificial neural networks (ANN) can easily model complex 
nonlinear functions [7], there have been many attempts to reduce 
the computational cost of numerical analysis of reacting flow by 
using ANN [11-15].
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Christo et al. [11] predicted changes in species composition due 
to chemical reactions in turbulent flames using artificial neural 
networks. The artificial neural network model showed a faster 
computation speed than the direct integration (DI) method and 
LUT method in PDF/Monte Carlo analysis of turbulent jet 
diffusion flame.

Blasco et al. [12] suggested artificial neural network models 
predicting the temporal evolution of the reactive chemical 
species, temperature, and the density of the mixture by replacing 
a reduced mechanism of methane containing four chemical 
reaction steps and seven reactive species. The artificial neural 
network models showed faster computation speed than the DI 
method and used less RAM memory than the lookup table 
method.

Sen et al. [13, 14] applied artificial neural networks to the large 
eddy simulation (LES) of flames. In the study of Sen et al. [13], 
the artificial neural network can predict the reaction rates about 
5.5 times faster than the DI method. Also, the LES solver 
equipped with the artificial neural network model can detect the 
extinction and re-ignition physics with reliable accuracy 
compared to DNS. In addition, Sen et al. [14] analyzed the LES of 
flame-turbulence-vortex interaction through the LES solver 
equipped with an artificial neural network replacing DVODE 
(Double-precision Variable-coefficient Ordinary Differential 
Equation solver), and the result shows that the artificial neural 
network provides around 3.5 speed-up compared to the DI 
method.
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Recently, Wan et al. [15] applied artificial neural networks to 
direct numerical simulation (DNS) of reacting flow. The artificial 
neural network model replaced CVODE (C-language 
Variable-coefficient Ordinary Differential Equation Solver) and 
showed a 25 times faster calculation speed than the detailed 
mechanism GRI 3.0 [16] in a two-dimensional DNS.

The previous studies presented in this paper are only applicable 
when the time step coincides with the one learned by the neural 
network model. Therefore, an artificial neural network model that 
can predict the chemical source term and cover a wide range of 
combustion problems was suggested in this study. The artificial 
neural network model was compared with the conventional 
chemical source terms based on Arrhenius rate equations to 
evaluate the accuracy and computational efficiency of the 
artificial neural network method. In addition, numerical analyses 
were performed with the CHEMKIN OPPDIF code [18] equipped 
with the artificial neural network model to assess the applicability 
of the artificial neural network model in the numerical analysis 
of the combustion.
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Chapter 2. Numerical method

In this study, numerical solutions of opposed-flow diffusion 
flames were selected as a training dataset. Since the opposed 
-flow diffusion flame is a kind of canonical flame, it can cover a 
wide range of combustion problems. Also, numerical analysis of 
the opposed-flow diffusion flame can be easily performed because 
it can be modeled as a one-dimensional flame through analogy. 
Figure 1 describes the flame structure of an opposed-flow 
diffusion flame. The distance between the fuel inlet and the 
oxidizer inlet was set to 2 cm. Air was selected as an oxidizer, 
and it was supplied from the oxidizer nozzle. Hydrogen was 
selected as fuel, and it was suppied from the fuel nozzle. The 
CHEMKIN OPPDIF code was used to solve the governing equations 
of the opposed-flow diffusion flame. Hydrogen/air detailed 
reaction mechanism [19] consisting of 9 chemical species and 19 
chemical reactions was used as a chemical reaction mechanism.

Figure 2.1. Schematic diagram of 
opposed-flow diffusion flame
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Chapter 3. Machine learning method

Recently, machine learning which is a branch of artificial 
intelligence (AI) is used to explore patterns or correlations hidden 
in vast amounts of data in various research fields such as 
computer vision, search engines, and autonomous vehicles. 
Machine learning algorithms are trained to make optimization, 
prediction with regression, and dimensionality reduction. [20]. 
Machine learning techniques are also utilized in the combustion 
studies such as reduced-order modeling (ROM), shape 
optimization, and turbulent combustion modeling [20]. Machine 
learning can be classified into three types depending on the type 
of problem to be learned: supervised learning, unsupervised 
learning, and reinforcement learning. An artificial neural network 
which is a branch of the supervised learning technique was used 
in this study.

3.1. Artificial neural network (ANN)

An artificial neural network is a computing system inspired by 
the biological neural systems that constitute animal brains. It has 
strengths in prediction, image recognition, pattern recognition, 
and classification [21].

The artificial neural network consists of an input layer, hidden 
layers, and an output layer, and each layer consists of neurons. 
The artificial neural network is learned through forward 
propagation and back propagation. The forward propagation is a 
process in which the input data is propagated to the input layer, 
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hidden layer, and output layer. It can be expressed as Equation 
(3.1.1).

Figure 3.1.1. Overview of the artificial neural network approach

! " #$%& '() (3.1.1)   
                                                
X, Y, h, W, and b represent input values, predicted values, an 
activation function, weights, and bias respectively in Equation 
(3.1.1). In the forward propagation, the input value of each 
neuron is multiplied by weights, then biases are added, and the 
output values are calculated by applying an activation function. 
Back propagation is a process of adjusting the weights by 
propagating the error gradient in the reverse direction in order 
to reduce the error between the target value and the predicted 
value calculated through the forward propagation process. 
Learning process of a deep neural network proceeds in the 
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direction of minimizing the error between the predicted values 
and the target values by repeating this process. Figure 3.1.1 
describes the process of constructing the artificial neural 
network.

3.2. Data generation

According to chemical kinetics, chemical source terms can be 
expressed as a function of temperature, pressure, and mass 
fraction as in Equation (3.2.1). The pressure was excluded from 
the input variable because the isobaric condition (1 atm) was 
used in this study.

*+, "-./

.!,
"0 $12 32!H5

2 !H2 ⋯2!H5O )
(3.2.1)

Therefore, mass fractions of eight chemical species  (H2, H, O2, 
O, OH, HO2, H2O2, H2O) and temperature were selected as the 
input variables. The output variables used for the artificial neural 
network are the chemical source terms for eight chemical species 
corresponding to the input variables. The unit of the chemical 
source terms is mole/cm3-s. Table 1 shows the list of input and 
output variables used in this study.

Input variables  YH2, YH, YO2, YO, YOH, YHO2, YH2O2, YH2O, T

Output variables  *+H5, 
*+H, *+O5, 

*+O, *+OH, *+HO5, 
*+H5O5, 

*+H5O

Table 3.1. ANN input and output variables
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In this study, the training dataset for neural network was 
constructed using the CHEMKIN OPPDIF code. Since a flame 
structure changes according to strain rate, various flame 
structure data were collected by changing the fuel inlet velocity 
and the oxidizer inlet velocity. The simulations were performed 
while increasing the global strain rate by 100 s-1 from 0 s-1 to 
12,000 s-1 before the extinction occurred. The number of grids 
between 300 and 400 was used in each calculation through the 
adaptive grid. As a result, the training dataset consisting of a 
total of 44,072 cases was constructed. 

3.3. Data preprocessing

The data preprocessing is a process of converting existing data 
into data suitable for machine learning algorithms through 
processes such as data cleaning, data normalization, and feature 
extraction. The performance of machine learning models can be 
improved through this process [22].

In this study, data cleaning, data normalization, and data splitting 
were performed as data preprocessing. The cases where mass 
fractions, temperature, and chemical source terms overlap were 
removed in order to reduce the training time of the neural 
network.

The data normalization which converts all data to the same scale 
can be used in machine learning to improve the performance of 
the neural network [23]. All data were converted to values 
between -1 and 1 using the Min-Max Normalization. Equation 
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(3.3.1) is the equation of the normalization used in this study, 
and xnorm is the normalized data.

89:;< "-8max@ 8min

8 @ 8min
× 5 @ D (3.3.1)

The dataset was divided into training dataset, validation dataset, 
and test dataset. The training dataset, the validation dataset, and 
the test dataset accounted for 81%, 9%, and 10% of the total 
data set, respectively. The training dataset was used to train the 
neural network, and the validation dataset was used to evaluate 
the performance of hyperparameters during training. The test 
dataset was used to evaluate the performance of the neural 
network after training the neural network.

3.4. ANN modeling

There are two methods for selecting the hyperparameters; the trial 
and error method which depends on the designer's intuition and 
experience, and optimization methods such as Bayesian optimization, 
random search, and grid search. In this study, the hyperparameters 
were optimized using Bayesian optimization. Unlike grid search or 
random search, Bayesian optimization searches for optimal 
combinations of hyperparameters by reflecting observed information 
during the iterations [24]. In this study, 100 iterations were 
performed. The learning rate, activation function, and the number of 
neurons in the hidden layer were adjusted during the iterations. Also, 
the combination of hyperparameters that generates the lowest 
loss function was selected in this study.
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The artificial neural network was built using Keras [25], an 
open-source software library that provides a Python interface for 
artificial neural networks. The hyperparameters were optimized using 
Keras-Tuner [26], an open-source library that helps to pick the 
optimal set of hyperparameters.

The number of hidden layers was set to 3. The number of neurons 
in the hidden layer was determined through Bayesian optimization. 
Uzair et al. [27] stated that when the number of hidden layers is 3, 
the neural network can perform optimally in terms of time complexity 
and accuracy. In addition, six types of learning rates (1×10-3, 5×10-4, 
3×10-4, 1×10-4, 5×10-5, 3×10-5, 1×10-5) and four types of activation 
functions (Sigmoid, Hyperbolic tangent, Rectified Linear Unit, 
Exponential Linear Unit [28]) were considered. Figure 3.4.1 to Figure 
3.4.4 show sigmoid function, hyperbolic tangent, ReLU, and ELU 
functions respectively. Each activation function took about 0.9 s, 1 s, 
0.6 s, and 1 s per epoch. Table 3.2 shows the combination of 
hyperparameters that generated the lowest loss function in the 
iterations of Bayesian optimization.

The number of neurons  36, 28, 16

Activation function Sigmoid

Learning rate 0.001

Table 3.2. ANN hyperparameter obtained by Bayesian optimization

Figure 3.4.5 shows the architecture of the artificial neural network 
used in this study. The neural network consists of one input layer, 
three hidden layers, and one output layer as shown in Figure 3.4.5. 
The number of neurons constituting the input layer is 9  (Mass 
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fractions of the chemical species and temperature). The number 
of neurons composing the output layer was 8 (Chemical source 
terms for eight chemical species)

Epochs were set to 5000, but training was completed when the 
epochs were 641 through the early stopping used to prevent 
overfitting. Overfitting is a phenomenon in which neural network 

Figure 3.4.1. Sigmoid 
function

Figure 3.4.2. Tanh function

Figure 3.4.3. ReLU function Figure 3.4.4. ELU function
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models show good performance on training data but poor performance 
on other data [29]. The early stopping automatically stops training 
when it is determined that the performance is no longer improving 
while monitoring the validation loss [30]. Also, the Adam algorithm 
[31], a simple and computationally efficient algorithm, was used as 
the learning algorithm.

Figure 3.4.5. Architecture of artificial neural network

The loss function calculates the error between the output values 
and the target values. The neural network is trained in the 
direction of minimizing the loss function. However, the typical 
loss functions used for training the neural network do not 
consider species mass conservation law. In order to consider this 
law during training the neural network, a regulation term for 
species mass conservation law was added to the mean squared 
error (MSE). Equation (3.4.1) shows the equation of the 
physics-guided loss function used in this study, and Equation 
(3.4.2) shows the equation of the mean square error.



- 14 -

E"FGH 'I/J;< 'K/J;< (3.4.1)

FGH " -9

D
L
, " D

9

$*+,2 M;JN@ /, )
5 (3.4.2)

I/J;< "L
I

9<O$*+<2 M;JN ' D)×$*+<2max@*+<2min)P5Q (3.4.3)

K/J;< "L
K

9RO$*+R2 M;JN ' D)×$*+R2max @*+R2min)P5 ' *+R2minO (3.4.4)

In equation (3.4.2), *+i,pred is the output value of the neural 
newtork, and ti is the target value. Chemical species included in 
the input and output variables can be classified into chemical 
species containing a hydrogen atom or containing an oxygen 
atom. In Equation (3.4.1), Hterm is a term related to a hydrogen 

atom and Oterm is a term related to an oxygen atom. nm, *+m,pred, *+

m,max, *+m,min in equation (3.4.3) are the number of hydrogen atoms 
present in the chemical species m containing hydrogen atoms, 
the output of the neural network model for chemical species m, 
the maximum value of chemical source term for chemical species 
m, the minimum value of chemical source term for chemical 

species m, respectively. nk, *+k,pred, *+k,max, *+k,min in equation (3.4.4) 
are the number of oxygen atoms present in the chemical species 
k containing oxygen atoms, the output of the neural network 
model for chemical species k, the maximum value of chemical 
source term for chemical species k, the minimum value of 
chemical source term for chemical species k, respectively. Since 
the output values in Equations (3.4.3) and (3.4.4) were values 
converted to the values between -1 and 1, Equation (3.3.1) was 
used to convert the output values to the original range.
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Chapter 4. Results

CKWYP subroutine in CHEMKIN OPPDIF code calculates the 
chemical source term with the inputs that defines a particular 
problem and the parameters needed to solve it. Also, the OPPDIF 
code evaluates thermodynamic and transport properties by 
inputting the calculated chemical source terms into the governing 
equation. Figure 4.1 shows the computing process of the OPPDIF 
code and the OPPDIF code (OPPDIF-ANN) equipped with the 
neural network model. In Sections 4.2 and 4.3, the performance 
and computational efficiency of the neural network model were 
confirmed by comparing the chemical source terms calculated 
through CKWYP and CKWYP-ANN, respectively. The numerical 
solutions calculated by OPPDIF-ANN and OPPDIF were compared 
in Section 4.4, confirming the applicability of the neural network.  

Figure 4.1. Overview of the OPPDIF-ANN approach
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4.1. ANN testing

The coefficient of determination (R2) between the predictions and 
the target value was calculated to evaluate the training progress 
of the artificial neural network model. The coefficient of 
determination is a number between 0 and 1 that measures how 
well the neural network model predicts target values. In general, 
when R2 value is closer to 1, it indicates that the model is well 
trained. Table 4.1 and Table 4.2 show the coefficients of 
determination for all chemical source terms when MSE and MSE 
with the regulation term for species mass functions are used as 
the loss function respectively. It showed that the coefficient of 
determination was closer to 1 when MSE with the regulation term 
for species mass functions was used as the loss function. Figure 
4.1.1 and Figure 4.1.2 show the correlation between the predicted 
values and the target values for the test data when MSE and 
MSE with the regulation term for species mass functions are 
used as the loss function respectively. It showed that the 

H2 0.9992
H 0.9984
O2 0.9990
O 0.9982
OH 0.9978
HO2 0.9936
H2O2 0.9971
H2O 0.9990

Table 4.1. Coefficient of determination for each normalized 
chemical source terms with MSE
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H2 0.9997
H 0.9987
O2 0.9998
O 0.9987
OH 0.9982
HO2 0.9975
H2O2 0.9979
H2O 0.9992

Table 4.2. Coefficient of determination for each normalized 
chemical source terms with loss function considering the mass 
conservation of elemental species

Figure 4.1.1. Comparison of the ANN 
predictions on normalized chemical source terms 
of the 8 species against the normalized target 
values for the testing database unseen during 
training with MSE
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Figure 4.1.2. Comparison of the ANN 
predictions on normalized chemical source 
terms of the 8 species against the 
normalized target values for the testing 
database unseen during training with loss 
function considering the mass conservation 
of elemental species

correlation between the predictions and the target values is 
closer to the Y=X linear model when MSE with the regulation 

term for species mass functions was used as the loss function.

4.2. Performance of ANN

The artificial neural network model was compared with the 
method based on Arrhenius rate equations (CKWYP subroutine) 



- 19 -

to evaluate the performance of the neural network model. In the 
CHEMKIN OPPDIF code, the chemical source terms are calculated 
through the CKWYP subroutine. Therefore, in this study, the 
CKWYP-ANN subroutine was written, and it replaced the CKWYP 
subroutine.

The Fortran-Keras Bridge (FKB) [32] library was used to 
implement the neural network model in the Fortran. The FKB 
library converts neural network models built and trained in Keras 
to models that can be used in Fortran. Also, the FKB library 
makes it possible to load and compute the output of the neural 
network in Fortran. The chemical source terms of 8 chemical 
species calculated by CKWYP and CKWYP-ANN respectively were 
compared. Figure 4.2.1 to Figure 4.2.16 show the distribution of 
chemical source terms as the function of mixture fraction under 
different global strain rate conditions. Table 4.3 and Table 4.4 
show MSE between the chemical source terms obtained by 
CKWYP-ANN and CKWYP under different global strain rate 
conditions. Accordingly, the artificial neural network model can 
accurately predict the chemical source terms compared to the 
traditional method.
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Figure 4.2.1. H2 source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 5,550 s-1

Figure 4.2.2. H source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 5,550 s-1
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Figure 4.2.3. O2 source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 5,550 s-1

Figure 4.2.4. O source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 5,550 s-1 
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Figure 4.2.5. OH source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 5,550 s-1

Figure 4.2.6. HO2 source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 5,550 s-1 
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Figure 4.2.7. H2O2 source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 5,550 s-1

Figure 4.2.8. H2O source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 5,550 s-1
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Figure 4.2.9. H2 source terms obtained by CKWYP and 
CKWYP-ANN at the global strain rate = 10,955 s-1

Figure 4.2.10. H source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 10,955 s-1
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Figure 4.2.11. O2 source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 10,955 s-1

Figure 4.2.12. O source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 10,955 s-1
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Figure 4.2.13. OH source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 10,955 s-1

Figure 4.2.14. HO2 source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 10,955 s-1
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Figure 4.2.15. H2O2 source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 10,955 s-1

Figure 4.2.16. H2O source terms obtained by CKWYP 
and CKWYP-ANN at the global strain rate = 10,955 s-1
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Species MSE
H2 4.52×10-7

H 5.04×10-7

O2 4.42×10-8

O 2.02×10-8

OH 1.06×10-8

HO2 1.63×10-10

H2O2 6.05×10-10

H2O 4.91×10-7

Table 4.3. MSE between chemical source terms obtained by 
CKWYP-ANN and CKWYP at a global strain rate of 5,550 s-1

Species MSE
H2 4.52×10-7

H 5.05×10-7

O2 4.55×10-8

O 1.87×10-8

OH 9.49×10-9

HO2 2.01×10-10

H2O2 6.45×10-10

H2O 4.74×10-7

Table 4.4. MSE between chemical source terms obtained by 
CKWYP-ANN and CKWYP at a global strain rate of 10,955 s-1
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4.3. Computational efficiency of ANN

The CPU time of CKWYP-ANN was compared to the CPU time of 
CKWYP to evaluate the computational efficiency of the neural 
network. For the hydrogen/air detailed reaction mechanism, the 
average CPU time of CKWYP and CKWYP-ANN was about 2.5×10-5 
s and 1.5×10-5 s, respectively. As a result, CKWYP-ANN 
calculated the chemical source terms about 1.7 times faster than 
CKWYP.

The neural network model was also applied in the GRI 3.0 
detailed reaction mechanism to verify the computational 
efficiency of the model for larger detailed reaction mechanisms. 
The number of chemical species and reactions included in the 
GRI 3.0 reaction mechanism is much larger than the number of 
chemical species and reactions included in the hydrogen/air 
detailed reaction mechanism used in this study. As the number 
of hidden layers and the number of neurons in the hidden layers 
increases, the neural network can solve more complex problems 
[27]. In turn, the number of hidden layers was increased to apply 
the neural network model to the GRI 3.0 detailed reaction 
mechanism. Also, the number of neurons in the hidden layer was 
set to a power of 2 to use the memory more efficiently [33]. 
Figure 4.3.1 showed the speed-up between CKWYP and 
CKWYP-ANN for the GRI 3.0 reaction mechanism under different 
neural network structures. The first structure in Figure 4.3.1 
consisted of 4 hidden layers, and the number of neurons in each 
layer was 128, 64, 32, and 16. The second structure in Figure 
4.3.1 consisted of 5 hidden layers, and the number of neurons in 
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each layer was 256, 128, 64, 32, and 16. The third structure in 
Figure 4.3.1 consisted of 6 hidden layers, and the number of 
neurons in each layer was 512, 256, 128, 64, 32, and 16. Figure 
4.3.1 also showed that CKWYP-ANN can calculate the chemical 
source terms faster than CKWYP if the architecture of the neural 
network model is less complicated than the third structure in the 
case of the GRI 3.0 detailed reaction mechanism.

Figure 4.3.1. Speed-up between CKWYP and 
CKWYP-ANN for GRI-Mech 3.0 

4.4. Applicability of ANN

Numerical analysis was performed with OPPDIF and OPPDIF-ANN  
to evaluate the applicability of the neural network constructed in 
this study. OPPDIF-ANN computed the numerical solutions with 
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the CKWYP-ANN subroutine which can calculate the chemical 
source terms instead of the CKWYP subroutine. Figure 4.4.1 to 
Figure 4.4.18 showed the results obtained by OPPDIF and 
OPPDIF-ANN under different global strain rate conditions, 
respectively. Table 4.5 and Table 4.6 showed the MSE between 
results obtained by OPPDIF-ANN and OPPDIF under different 
global strain rate conditions. Accordingly, it showed that the 
neural network model can solve the chemical source part of the 
problem.

On the other hand, the Newton-Raphson method was required to 
solve the multivariate nonlinear equations on the steady 
one-dimensional flame solver. Accordingly, OPPDIF-ANN took 
about 2.9 times more time than OPPDIF to obtain the final 
solution. Also, the error caused by the neural network model 
adversely affected the solution convergence. However, when the 
CFD solvers employ time marching methods to solve the 
unsteady solution, it is expected that artificial neural networks 
would contribute to reducing the computational cost of 
calculating the chemical source terms. 

As the neural network model was trained on the range from zero 
strain rate to extinction strain rate, the strain rate conditions 
outside the training range were fundamentally excluded. 
Therefore, the artificial neural network model showed the 
limitation that the performance of the neural network model was 
not guaranteed in the case of extrapolation (outside the range of 
the training data) due to the nonlinear kinetic behavior of 
chemical reactions.
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Figure 4.4.1. H2 mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 5,550 s-1

Figure 4.4.2. H mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 5,550 s-1
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Figure 4.4.3. O2 mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 5,550 s-1

Figure 4.4.4. O mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 5,550 s-1
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Figure 4.4.5. OH mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 5,550 s-1

Figure 4.4.6. HO2 mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 5,550 s-1
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Figure 4.4.7. H2O2 mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 5,550 s-1

Figure 4.4.8. H2O mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 5,550 s-1
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Figure 4.4.9. Temperature obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 5,550 s-1

Figure 4.4.10. H2 mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 10,955 s-1
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Figure 4.4.11. H mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 10,955 s-1

Figure 4.4.12. O2 mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 10,955 s-1
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Figure 4.4.13. O mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 10,955 s-1

Figure 4.4.14. OH mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 10,955 s-1
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Figure 4.4.15. HO2 mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 10,955 s-1

Figure 4.4.16. H2O2 mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 10,955 s-1
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Figure 4.4.17. H2O mass fraction obtained by OPPDIF and 
OPPDIF-ANN at the global strain rate 10,955 s-1 

Figure 4.4.18. Temperature obtained by OPPDIF and 
OPPDIF -ANN at the global strain rate 10,955 s-1 
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Target MSE
H2 1.65×10-12

H 2.27×10-16

O2 1.08×10-13

O 8.82×10-16

OH 5.04×10-16

HO2 1.51×10-16

H2O2 4.28×10-16

H2O 5.44×10-13

Temperature 5.46×10-13

Table 4.5. MSE between target values obtained by OPPDIF-ANN and 
OPPDIF at a global strain rate of 5,550 s-1

Target MSE
H2 6.83×10-12

H 2.26×10-15

O2 7.12×10-13

O 8.89×10-15

OH 1.24×10-15

HO2 9.19×10-15

H2O2 1.32×10-16

H2O 1.02×10-11

Temperature 1.37×10-10

Table 4.6. MSE between target values obtained by OPPDIF-ANN and 
OPPDIF at a global strain rate of 10,955 s-1
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Chapter 5. Conclusion

The artificial neural network model that can predict the chemical 
source terms of each species was presented in this study. The 
solutions of the opposed-flow diffusion flame were selected as the 
training dataset in order to apply the neural network model to 
various combustion problems. Also, the CHEMKIN OPPDIF code 
suitable for computing opposed-flow diffusion flame was used for 
numerical simulations. The computations were carried out while 
changing the fuel inlet velocity and the oxidizer inlet velocity to 
generate the solutions under multiple conditions.

Data cleaning, data normalization, and data splitting were 
sequentially performed as data preprocessing. Bayesian 
optimization was used to search the hyperparameters more 
efficiently and objectively. The physics-guided loss function that 
contains the regulation term for species mass conservation law 
was used to consider species mass conservation in chemical 
reactions in the process of training the neural network.

The artificial neural network model constructed in this study was 
able to accurately predict the chemical source terms while 
showing a faster calculation speed compared to the traditional 
method. In addition, the modified OPPDIF (OPPDIF-ANN) can 
accurately reproduce the numerical solutions.

On the other hand, the artificial neural network had a 
disadvantage in terms of computation time for final convergence. 
Also, it was found that the performance of the neural network 
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was limited when the neural network was applied outside of the 
range of the training dataset. However, it is anticipated that 
artificial neural networks would be conducive to reducing the 
computational cost of computing the chemical source terms on 
the CFD solvers.
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초   록

연소 화학반응의 상세반응기구에 대한 정보는 발전을 거듭하였지   
만 이를 직접 수치해석에 활용할 때는 막대한 계산 비용이 발생하게 
된다 점화 소염 연소 불안정과 같은 연소 현상을 정확하게 예측하. , , 
기 위해서는 반응유동 해석의 저비용화가 필수적이다 최근 기계학. 
습 기법은 복잡하고 비선형적인 함수를 쉽게 모델링할 수 있으며 계
산 속도가 빠르고 메모리 점유율이 낮다는 장점이 있어 다양한 연소 
분야 연구에 접목되고 있다 본 연구에서는 기존 아레니우스 기반의 . 
생성항 산출 기법을 대체하여 화학종의 생성률을 예측할 수 있는 기
계학습 기법을 제시한다 기계학습 기법의 일종인 인공신경망이 활. 
용되었으며 다양한 연소해석 문제에 적용하기 위해 신경망에 대향류 
확산 화염 해를 학습시켰다 확산화염의 차원 정상해 해석자와 개. 1 9
의 화학종과 개의 화학반응으로 구성된 수소 산소 반응기구를 활19 /
용하여 화학종의 질량분율 온도 화학종의 생성항으로 구성된 학습 , , 
데이터 세트를 구축하였다 신경망 학습 과정에서 화학반응에서의 . 
원소질량보존을 고려하기 위해 평균 제곱 오차에 원소질량보존을 규
제하는 항이 추가된 함수를 손실 함수로 사용하였다 본 연구에서 . 
구축된 신경망의 예측 정확도와 계산 효율성을 평가하기 위해 기존 
아레니우스 기반의 생성률 산출 기법과 비교하였고 신경망의 응용성
을 확인하기 위해 확산화염의 차원 정상해 해석자에 탑재한 후 수1
치해석을 진행하였다 그 결과 본 연구에서 구축된 신경망은 기존 . 
기법보다 빠른 계산 속도를 보이면서 화학종의 생성항을 정확하게 
예측하였고 확산화염의 차원 정상해 해석자에 탑재되었을 때도 화1
염 구조를 정확하게 재현할 수 있었다.



- 50 -

주요어 기계학습 인공신경망 화학반응속도론 대향류 확산 화염: , , , 
학  번 : 2020-26614


	1. Introduction 
	2. Numerical method 
	3. Machine learning method 
	3.1 Artificial neural network (ANN) 
	3.2 Data generation 
	3.3 Data preprocessing 
	3.4 ANN modeling 

	4. Results 
	4.1 ANN testing 
	4.2 Performance of ANN 
	4.3 Computational efficiency of ANN 
	4.4 Applicability of ANN 

	5. Conclusion 
	Bibliography 
	Abstract in Korean 


<startpage>12
1. Introduction  1
2. Numerical method  5
3. Machine learning method  6
 3.1 Artificial neural network (ANN)  6
 3.2 Data generation  8
 3.3 Data preprocessing  9
 3.4 ANN modeling  10
4. Results  15
 4.1 ANN testing  16
 4.2 Performance of ANN  18
 4.3 Computational efficiency of ANN  29
 4.4 Applicability of ANN  30
5. Conclusion  42
Bibliography  44
Abstract in Korean  49
</body>

