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Abstract 
Practically, an accurate combustion chemistry 
model is of great importance in engine simulations 
when it is combined with the computational fluid 
dynamics computations. Syngas is used as one of 
the fuel options in internal combustion engines. In 
the current work, we optimize a combustion 
chemistry model of syngas using machine learning 
algorithms. Result shows that the optimized model 
can achieve better prediction accuracy than the 
unoptimized model. 
 
1. Introduction 

Synthetic gas (syngas) consists of hydrogen (H2) 
and carbon monoxide (CO), sometimes with carbon 
dioxide (CO2). It is used as one of the fuel options 
in internal combustion engines. From engine design 
perspective, it is very important to understand the 
process of syngas combustion process inside the 
engine, through combining the computational fluid 
dynamics (CFD) simulation with the combustion 
chemistry model. A typical syngas combustion 
chemistry model contains about 10-15 species and 
30 reactions. In each reaction j (j = 1, 2, …, n), a 
parameter called reaction rate coefficient kj is 
assigned, describing how fast this certain reaction 
evolves in the system. The rate parameter k can be 
either obtained from fundamental chemical kinetic 
experiments, or from quantum chemistry 
calculations. To validate the rate parameters, the 
chemistry model will be implemented with a 
Fortran solver, ChemKin [1], to simulate the time 
evolution or spatial evolution of the combustion 
system, and provide a wide range of predictions, 
such as combustion product yield, ignition delay 
time, laminar flame speed, etc. The model 
predictions can be directly compared with 
experimental measurements to validate the model 
accuracy. However, such combustion chemistry 
model with initial rate parameters determined 
independently may sometimes provide inaccurate 

predictions, because those parameters fail to 
consider the chemical kinetic couplings between 
each other. Therefore, people rely on slight 
modifications to certain rate parameters, in order to 
better reproduce the experimental data. Considering 
a reaction model with 30 parameters and the 
coupling between each other, the aforementioned 
“rate tuning” approach becomes a daunting task.  

In the present work, we apply the machine 
learning theory and algorithms to optimize a 
combustion chemistry model of syngas. The syngas 
model is first built with rate coefficients determined 
based on old literatures and some earlier empirical 
estimations, which is also called the unoptimized 
trial model. Then, the model responses from 
ChemKin solver are mapped into second-order 
response surfaces. Finally, the model is optimized 
using global combustion experimental data. The 
inputs are the rate coefficient k in the model, and the 
output is the chemistry model response. We used 
two machine learning approaches to optimize the 
model: locally weighted least square and 
reinforcement learning. Result shows that the 
optimized model can achieve better prediction 
accuracy than the original model. 
 
2. Experimental Dataset 

In the current work, some typical global 
combustion data from H2, CO, and syngas 
combustion experiments are selected from earlier 
literatures [2-12]. The combustion properties 
considered in this work are: species concentration 
time history profile, ignition delay time, and 
laminar flame speed. Figure 1 shows selected 
experimental sets of species profile, ignition delay 
time, and laminar flame speed, respectively. The 
data used in this work are extracted from the full 
datasets, which are highlighted as open squares in 
Figure 1. Specifically, the species profile and flame 
speed data are directly selected from the original 
dataset. The ignition delay time data are extracted 
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from the linear fitted log of ignition time vs. 1/T 
correlations. In total, we extracted 200 experimental 
data points from the literature.  

 

 

 
Figure 1. Selected experimental dataset. Top panel: 
species concentration profiles [12]; middle panel: 
ignition delay time [9]; bottom panel: laminar flame 
speed [2].  
 
3. Methodology 

The current work consists of three parts: feature 
selection, solution mapping, and model 
optimization. A schematic of the work flow is 
illustrated in Figure 2.  
 
3.1. Feature selection 

As stated in the introduction section, the 
features in this work are the rate parameters, kj of 
each reaction j (j = 1, 2, …, n). To start, we build an 
initial trial model for syngas, and the rate 
parameters are obtained from some earlier 
literatures and empirical estimates [13-15]. The 
initial model is shown in Table 1. Note that for each 
reaction, the reaction rate coefficient is related to 

three physical parameters, A, n, and Ea, through 
Equation (1) shown below:  

𝑘 = 𝐴𝑇%𝑒𝑥𝑝
−𝐸+
𝑅𝑇

 (1) 

The uncertainty factor f values in Table 1 are 
obtained from an earlier work [16]. The initial 
model contains 13 chemical species and 30 
reactions. In fact, we can further reduce the number 
of features through a set of sensitivity analysis using 
the ChemKin solver. Typically, in the combustion 
system, not all the reactions contribute equally to 
the combustion products or global oxidation 
properties. In fact, only a few reactions are 
dominant. Therefore, we use the ChemKin package 
to perform sensitivity analysis with respect to the 
experimental condition of each data point. Among 
the 30 reactions in the model, only 10 reactions are 
found to be effective to all the 200 experimental 
conditions and data points. The effective reactions 
are highlighted in red in Table 1. In such way, we 
reduced the number of features from 30 to 10.  

 

 
Figure 2. Schematic of the current work. 

 
Table 1. The unoptimized chemical model of syngas. 

 

Initial 
model

Solution 
Mapping 

(ChemKin)

Response 
surfaces

Optimization Optimized 
model

No. Reactions Reaction rate coefficients Uncertainty 
factor, f A 

(mol/cm3.s) 
n Ea 

(cal/mol) 
1 H+O2 = O+OH 2.65E+16 -0.671 17041.0 1.15 
2 O+H2 = H+OH 3.87E+04 2.700 6260.0 1.3 
3 OH+H2 = H+H2O 2.16E+08 1.510 3430.0 1.3 
4 OH+OH = O+H2O 3.57E+04 2.400 -2110.0 1.3 
5 H+H+M = H2+M 1.00E+18 -1.000 0.0 2 
6 H+H+H2 = H2+H2 2.20E+22 -2.000 0.0 2 
7 H+H+H2O = H2+H2O 4.71E+18 -1.000 0.0 2 
8 H+H+CO2 = H2+CO2 1.20E+17 -1.000 0.0 2 
9 H+OH+M = H2O+M 4.65E+12 0.440 0.0 1.2 
10 O+H+M = OH+M 7.40E+05 2.433 53502.0 1.25 
11 O+O+M = O2+M 7.40E+13 -0.370 0.0 1.5 
12 H+O2(+M) = HO2(+M) 3.97E+12 0.000 671.0 1.5 
13 H2+O2 = HO2+H 7.08E+13 0.000 295.0 2 
14 OH+OH(+M) = H2O2(+M) 2.00E+13 0.000 0.0 2 
15 HO2+H = O+H2O 2.90E+13 0.000 -500.0 2 
16 HO2+H = OH+OH 1.30E+11 0.000 -1630.0 1.5 
17 HO2+O = OH+O2 1.21E+07 2.000 5200.0 2 
18 HO2+HO2 = O2+H2O2 2.41E+13 0.000 3970.0 2 
19 OH+HO2=H2O+O2 9.63E+06 2.000 3970.0 2 
20 H2O2+H = HO2+H2 2.00E+12 0.000 427.0 2 
21 H2O2+H = OH+H2O 1.80E+10 0.000 2384.0 2 
22 H2O2+O = OH+HO2 7.05E+04 2.053 -355.7 2 
23 H2O2+OH = HO2+H2O 2.53E+12 0.000 47700.0 3 
24 CO+O(+M) = CO2(+M) 3.01E+13 0.000 23000.0 2 
25 CO+OH = CO2+H 1.20E+14 0.000 0.0 2 
26 CO+O2 = CO2+O 3.00E+13 0.000 0.0 2 
27 CO+HO2 = CO2+OH 3.00E+13 0.000 0.0 2 
28 HCO+H = CO+H2 3.02E+13 0.000 0.0 2 
29 HCO+O = CO+OH 9.35E+16 -1.000 17000.0 2 
30 HCO+O = CO2+H 1.20E+10 0.807 -727.0 2 
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3.2. Solution Mapping 
The optimization process requires the 

comparison between experimental data and 
simulated results using the chemistry model. 
However, it is computationally inefficient to 
simulate through the ChemKin solver each and 
every time, especially when optimizing the model 
using reinforcement learning approach. Instead, we 
want to map our ChemKin solution into some 
simple mathematical formula, and in doing so, we 
could boost up the optimization process 
dramatically.  

Consider a combustion system output y (e.g. 
ignition delay time and flame speed), which is 
related to the system input x (reaction rate 
parameters k), through a mathematical relation, 𝑦 =
𝑔(𝑥). Numerically, y is obtained by solving several 
coupled partial differential equations, so the relation 
g, which is highly complex, might not be 
determined analytically. However, one can perform 
an estimation of y which resembles a Taylor 
expansion: 

𝑦 = 𝑐 + 𝑏4𝑥4

%

456

+ 𝑎48𝑥4𝑥8

%

894

%

456

+ 𝐻. 𝑂. 𝑇. (2) 

where xj is the jth element of input x, ajk, bj, and c are 
coefficients of the 2nd, 1st and 0 order terms. 
Applying Eqn. (2) to the combustion system, the 
coefficient c represents some nominal value of 
system output y. The first order terms represent the 
first-order effect of reaction rate coefficients to the 
system. Higher order terms accounts for the coupled 
effects of rate parameters to the system. In this study, 
we only consider the first- and second-order effects, 
and neglect any higher order effects. Therefore, For 
the ith experimental data point, the model response 
𝜂>?@A
(B)  can be written as follows: 

𝜂>?@A
B = 𝑐 B + 𝑏4

B 𝑥4
B

%

456

+ 𝑎48
B 𝑥4

B 𝑥8
B

%

894

%

456

 

= 𝑐(B) + 𝑏(B)
C
𝑥 + 𝑥C𝐴(B)𝑥 

(3) 

The process of the model response surface 
derivation will be discussed in detail in the results 
section.  
 
3.3. Model Optimization 
3.3.1. Approach 1: Locally weighted least square 

Suppose we’ve already obtained accurate 
response surfaces for all the data points 
(experimental conditions), the next step is to 
perform a locally weighted least square and solve 

for xopt. In other words, we perform the following 
optimization: 

min
G
𝐽 𝑥 =

𝜂>?@A
B − 𝜂?GAI

B

𝜎?GAI
(B)

KL

B56

 (4) 

where 𝜂?GAI
B  is the ith training data point, 𝜂>?@A

B  is the 
response surface predicted value for the ith data 
point, and 𝜎?GAI

(B)  is the measurement uncertainty 
associated to the ith experiment, which is usually 
reported as error bars or tabulated values in 
literatures. To perform the optimization described 
in Eqn. (4), we simply run gradient descent method. 
Since 𝜂>?@A

(B)  can be represented by Eqn. (2), then J(x) 
turns into: 

𝐽 𝑥 =
𝑐(B) + 𝑏(B)

C
𝑥 + 𝑥C𝐴(B)𝑥 − 𝜂?GAI

B

𝜎?GAI
(B)

KL

B56

 (5) 

The gradient of J(x) with respect to xj can be 
calculated as: 

𝜕𝐽
𝜕𝑥4

= 2
(𝜂>?@A

B − 𝜂?GAI
B )

(𝜎?GAI
(B) )K

(𝑏4
B + 𝐴(B)𝑥)

L

B56

 (6) 

Then, we can perform either the batch gradient 
descent or stochastic gradient descent method to 
update the parameter xj. In this work, stochastic 
gradient descent approach is used here for fast 
convergence.  
 
3.3.2. Approach 2: Reinforcement learning 

As mentioned in the introduction section, when 
the initially assembled chemistry model does not 
reproduce the experimental data, people tend to fine 
tune a certain number of rate parameters in order to 
match the data. However, this might lead to a 
situation where the modified model does reproduce 
the data mentioned above, but fails to predict 
another set of data. Then people again adjust a 
different set of rate coefficients. Finally, this fine-
tuning process becomes boring and daunting. 
Indeed, the model fine-tuning process resembles a 
Markov decision process (MDP). We start with an 
initial model, and this model might be able to 
reproduce a certain set of experimental data, while 
fail to capture another set of data. Then, we make 
adjustments to the reaction rate coefficients, 
expecting that through modifying a certain set of 
rata parameters, the uncaptured data can be 
reproduced by the modified model. As a result of 
this modification, the new state of MDP would 
transition to a new state that cannot be predicted by 
users.  
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Based on the intuition just discussed, we define 
our MDP as the followings: 
• The state set S, is the set of all the combinations 

of model predictions of each experimental data. 
Specifically, for each data point, the chemistry 
model should either predicts it within its 
uncertainty band, or fails to reproduce the data 
point, including either overpredicting or 
underpredicting it. In other words, for each data 
point, the model prediction will have three 
outcomes, and for totally m data points, the size 
of the state set S should be 𝑆 = 3L.  

• For the actions, let’s look at one single reaction 
in the chemistry model. To modify the model, 
we can either increase the reaction rate 
parameter, or decrease it, by say 20 % of its 
uncertainty factor f (see Table 1). For n 
effective reactions, the size of the state set A 
should be 𝐴 = 2%. 

• Psa are the state transition probabilities, which 
is a 3L×3L×2% matrix. 

• R(s) is the reward function. After each action, 
we check whether the model can predict all the 
data points within their uncertainty bands. If 
yes, we reach the success state in S, and a 
positive reward will be assigned. On the other 
hand, if there is at least one data point which is 
not predicted, we assign a negative reward to 
the value function.  

• The value function 𝑉S(𝑠)  is updated using 
value iteration method to solve the Bellman 
equation: 

𝑉S 𝑠 = 𝑅 𝑠 + 𝛾 𝑃@S @ 𝑠W
@X∈Z

𝑉S(𝑠W) 	 (7) 

• Finally, the MDP stops when the learning 
procedure converges once for a certain number 
of consecutive trials, or our total number of 
successes exceeds a certain limit. Then we save 
the last rate parameters x as xopt.   

 
4. Results and Discussions 
4.1. Model Response Surface Generation 

Before we start generating the response 
surfaces, the rate parameter k is normalized into x 
through the following way: 

𝑥 = ln
𝑘
𝑘]

/ln	(𝑓) (8) 

where k is the reaction rate in each reaction with 
nominal value k0, and f is its uncertainty factor. For 
the unoptimized model, since k = k0, then initially x 
= 0 for each reaction. The purpose of this 

normalization is for numerical convenience, since 
the original k can vary wildly in orders of magnitude.  

The response surfaces are derived based on a 
Monte Carlo sampling process. For example, each 
data point corresponds to an experimental condition 
(e.g. initial temperature, pressure, and reactant 
concentrations). Take the ith data point 
(experimental condition) as an example, we 
randomly generate q chemistry models. In each 
random model, the rate parameters are randomly 
chosen within their rate uncertainty factor f, using 
the uniform distribution. Then, those q models are 
implemented into the ChemKin solver, with the 
prescribed initial conditions of the ith data point, and 
the solver will generate q ChemKin outputs, 
𝜂>?@A
(B) ∈ 𝑅`×6. Consulting Eqn. (3), we can solve for 

the coefficients c, b, and A. A simple approach is to 
first map the feature x into a new vector 𝜙(𝑥): 

𝜙 𝑥 = 1, 𝑥6, 𝑥K, … , 𝑥%, 𝑥6𝑥6, 𝑥6𝑥K, … , 𝑥%𝑥% C (9) 

and then solve for the coefficients c, b, and A 
through normal equations. In the current work, we 
increase the q value from 200 to 1000, and also 
generate 20% of q more random samples as test sets. 
The learning curve is shown below in Figure 3. In 
detail, Table 2 summarizes the averaged training 
and test errors with different q values over the entire 
experimental data set.  When qtrain reaches 1000, 
both the training and test error falls below 1%, 
which is good enough for response surface accuracy. 
Figure 4 also shows the 45-degree plots of one 
experimental condition case, and both the training 
and test plots are presented. Indeed, the result 
confirms that when qtrain = 1000 for each 
experimental condition, the model response 𝜂>?@A

(B)  
from ChemKin solver can be accurately replaced by 
its second-order-polynomial response surface.  
 

 
Figure 3. The learning curve of response surface 
generation. 
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Table 2. Training and test errors. 

Case No. 1 2 3 4 
qtrain 200 500 800 1000 
qtest 20 100 160 200 
Training error (%) 2.41 1.08 0.29 0.22 
Test error (%) 3.77 1.61 0.48 0.23 

 

 
Figure 4. 45-degree plots of one experimental 
condition for Case 4 (qtrain = 1000, qtest = 200). Left 
panel: training plot; right panel: test plot. 
 
4.2. Model Optimization 

As discussed in Section 3.3, for the first 
optimization approach, we apply locally weighted 
least square, considering all the 200 experimental 
data points as constraints. The update rule for vector 
x is stochastic gradient descent method.  

For the second approach, we implemented the 
reinforcement learning algorithm. Considering all 
200 data points and all 10 effective reactions, the 
size of the state transition probability matrix Psa is 
3K]]×3K]]×26] ≈ 𝑂 106gh , which is probably 
too large and even impossible to store it. In the 
current work, we are more interested to see whether 
reinforcement learning works for combustion 
chemistry model optimization. Therefore, we chose 
only 5 data points from 2 experiment sets. The 
resulting size of Psa is 3i×3i×26] ≈ 𝑂 10j , 
which is manageable.  

Two selected model validation cases of ignition 
delay time and laminar flame speed are shown in 
Figures 5 and 6, respectively. Note that the 5 data 
points used in reinforcement learning algorithm are 
just extracted from the datasets in these two figures. 
Clearly, both figures indicate that the optimized 
models achieve better prediction accuracy than the 
unoptimized one. In Figure 5, the two optimized 
models are indistinguishable in their performances. 
However, Figure 6 shows that model optimized 
using the reinforcement learning method actually 
provides better accuracy than the least square 
optimized model. The reason is that in the 
reinforcement learning process, the only success 
state is that the model prediction for each data point 

fall within its uncertainty band. However, the 
experimental uncertainties only serve as weights in 
the least square approach, not strict constraints.  

 
Figure 5. Selected ignition delay time validation of the 
optimized models 

 
Figure 6. Selected laminar flame speed validation of 
the optimized models. 
 

The two optimization approaches used herein 
have their advantages and disadvantages. The 
locally weighted least square approach is efficient, 
and is able to handle a large set of data. But the it 
does not guarantee the optimized model predictions 
all fall within experimental uncertainties. The 
reinforcement learning approach, on the other hand, 
does ensure the model prediction accuracy, but it 
suffers from its computational efficiency problem 
and large storage issue.  
5. Conclusions and future work 

In the current work, we explore two approaches 
to optimizing a syngas combustion chemistry model. 
Result shows that the optimized models can 
improve the prediction accuracy to an extent. One 
future work is to apply kernel function for response 
surface generation. Furthermore, it is worthwhile to 
improve the efficiency and resolve the large storage 
problem when applying the reinforcement learning 
method to this combustion chemistry model 
optimization problem.  
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