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ABSTRACT
Global mechanisms significantly reduce computational costs in methane combustion simulations but 
their predictive accuracy and applicability are often limited due to the lack of validation across diverse 
combustion conditions. This study systematically evaluates various global mechanisms by comparing 
them to the detailed mechanism GRI-Mech 3.0 (abbreviated as GRI-3.0) under a range of temperature 
(1200 K−2500 K), oxygen concentrations (0.1–1), and mixing modes. All global mechanisms are first 
optimized using an artificial-neural-network (ANN)-based method to closely match GRI-3.0 in the per
fectly stirred reactor (PSR). Their performances are tnen assessed in computational fluid dynamics (CFD) 
simulations of various combustion systems, including the open jet-in-hot-coflow (JHC) and in-furnace 
systems, under both non-premixed and premixed conditions. Results indicate that under non-premixed 
conditions, the global mechanism proposed by Si et al. (Energy & Fuels, 2021, 35(18), 14941-14953.) 
performs best (RECO,averaged = 0.179, RET,averaged = 0.137), and the reaction CH4+H2O→CO+3H2 leads to an 
overestimation of XCO. Under premixed conditions, the mechanism proposed by Jones & Lindstedt 
(Combust Flame, 1988, 73(1), 233–249.) more accurately predicts CO distribution (RECO,averaged = 0.354), 
highlighting the critical role of the reaction CH4+H2O→CO+3H2 in converting intermediate CO and the 
reaction CO+0.5O2↔CO2 leads to inaccurate CO conversion.
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Introduction

The combustion of fossil fuels is a crucial energy source but 
produces various pollutants, such as CO2 and NOx, which pose 
significant risks to human society. To improve efficiency and 
reduce emissions of combustion, a number of advanced tech
nologies, including oxy-fuel combustion (Li et al. 2021; Liu 
et al. 2022) moderate and intense low-oxygen dilution (MILD) 
combustion (Kuang et al. 2022; Xu et al. 2024) staged combus
tion (Li, Zhang, and Zhang 2024; Zhang et al. 2023) lean-fuel 
combustion (Dunn-Rankin 2011; Fursenko et al. 2020) and 
chemical-looping combustion (Normann et al. 2019) have 
been developed. Each of those technologies operates under 
specific conditions: for instance, staged combustion separates 
the combustion process into a fuel-rich region and a fuel-lean 
region, while MILD combustion uses reduced oxygen levels.

Computational fluid dynamics (CFD) is an important tool 
for analyzing combustion and emissions characteristics. 
Techniques such as direct numerical simulation (DNS) 
(Kiran et al. 2023; Lamioni et al. 2020; Minamoto and 
Swaminathan 2014) large eddy simulation (LES) (Wang and 
Mi 2018; Xiong et al. 2020) and Reynolds-averaged Navier – 
Stokes (RANS) (Manzoor et al. 2024; Zivkovic and Sattelmayer  
2023) are employed to study combustion processes across 
different temporal and spatial scales. However, using detailed 

reaction mechanisms such as GRI-Mech-3.0 (Smith et al. 1999) 
in DNS and LES is computationally intensive, or even impos
sible. As shown in Table 1, prior studies (Doan and 
Swaminathan 2019; Harvazinski, Talley, and Sankaran 2016; 
Minamoto and Swaminathan 2014; Si et al. 2020) indicate that 
the computational cost increases substantially with the number 
of reactions in a chemical mechanism, particularly in DNS and 
LES. Therefore, for studies that do not require detailed track
ing of intermediate species and complex reaction processes, 
global mechanisms that include only major species can effec
tively balance the predicting accuracy with the computational 
efficiency.

The global mechanisms by Jones & Lindstedt (Jones and 
Lindstedt 1988) (JL) and Westbrook & Dryer (Westbrook and 
Dryer 1981) (WD) are the primary choices for CH4 combus
tion. Compared to the JL mechanism, the WD mechanism 
lacks the reaction that converts CO to CO2, which reduces its 
accuracy in predicting CO levels during combustion (Si et al.  
2021). In contrast, the JL mechanism includes four key reac
tions that well describe the conversion of CH4 into CO and H2, 
and subsequently into the final products (CO2 and H2O), as 
outlined below: 
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For a given reaction A + B → C + D, the chemical reaction 
rate (v) can be determined by 

where m and n are the reaction orders and [A] and [B] are 
the mole fraction of species A and B. The chemical reaction 
rate constant (k) can be expressed using the Arrhenius equa
tion (Turns 1996):  

where T is the temperature, A is the pre-exponential factor, 
b is the temperature exponent, Ea is the activation energy, and 
R is the ideal gas constant.

The study of Jones and Lindstedt (Jones and Lindstedt  
1988) demonstrated the effectiveness of the JL mechanism in 
simulating counterflow flames. Later, Meredith and Black 
(Meredith and Black 2006) introduced a new global 

mechanism for CH4-air combustion in perfectly stirred reactor 
(PSR), referred to as M3–1 in Table 2, with specific reactions 
detailed in Table 3. They found that the M3–1 mechanism 
outperformed the WD mechanism in predicting both adiabatic 
flame temperature and species concentrations. Abou-Taouk 
et al. (Abou-Taouk et al. 2013) introduced the M4–1 mechan
ism and compared its performance to the WD and JL mechan
isms, finding that M4–1 performed best in predicting laminar 
flame speed and exhaust gas concentrations.

However, A. Frassoldati et al. (Frassoldati et al. 2008) 
highlight the temperature peaks of CH4/O2/N2 combustion 
limit the validity of JL mechanism and WD mechanism. 
Consequently, to improve the accuracy of combustion 
simulations, optimizing the Arrhenius parameters (A, b, 
and Ea) is necessary for various combustion systems. 
Specifically, in MILD combustion condition, Kim et al. 
(Kim, Schnell, and Scheffknecht 2008) optimized R6 (see 
Table 3) in the JL mechanism with parameters from 
Marinov et al. (Marinov and Westbrook 1996) which 
improved the predictions of CO distribution. Subsequent 
studies by Wang et al. (Wang et al. 2012) and Tu et al. 
(Tu, Yang, and Liu 2017) also optimized R6 of the JL and 
WD mechanisms in open and closed MILD combustion 
systems, respectively. Both studies found that the WD 

Table 1. Calculation cost in previous CFD studies.

Researcher Model Grid number Reaction number Mechanism type Core hours

Si et al. (2020) RANS 300,000 4 Global Jones and Lindstedt (1988) 448
RANS 300,000 325 Detail Smith et al. (1999) 1960
RANS 40,000 4 Global Jones and Lindstedt (1988) 5.6
RANS 40,000 325 Detail Smith et al. (1999) 14

Harvazinski, Talley, and Sankaran (2016) LES 4,000,000 1 Global Westbrook and Dryer (1981) 230,400
LES 4,000,000 177 Detail Frenklach et al. (1995) 5,184,000

Minamoto  
and Swaminathan (2014)

DNS 134,217,728 36 Smooke (1991) 490,000

Doan and Swaminathan (2019) DNS 134,217,728 58 Doan, Swaminathan, and Minamoto (2018) 2,252,800

Table 2. Components of global mechanisms in the present study.

Mechanism name Number of reactions Reactions involved Combustion mode

M3–1 (Li, Zhang, and Zhang 2024) 3 R1, R5, R6 Conventional air combustion
M3–2 3 R1, R4, R6 /
M4–1 (Liu et al. 2022) 4 R1, R4, R5, R6 Conventional air combustion
M4–2 4 R1, R3, R5, R6 /
M4–3 4 R1, R3, R4, R6 /
Jones and Lindstedt (1988) 4 R1, R2, R4, R6 Conventional air combustion, MILD combustion, Oxy combustion
GM (Li et al. 2021) 4 R1*, R4, R5*, R6 MILD combustion
M5–1 5 R1, R2, R4, R5, R6 /
M5–2 5 R1, R3, R4, R5, R6 /
M5–3 5 R1, R2, R3, R5, R6 /
M5–4 5 R1, R2, R3, R4, R6 /
M6 6 R1, R2, R3, R4, R5, R6 /

Table 3. Global reactions for CH4 combustion.

Reaction No. Reactions Reaction order

R1 CH4 + 0.5 O2 → CO + 2 H2 [CH4]0.5[O2]1.25

R1 (Li et al. 2021) CH4 + 0.5 O2 → CO + 2 H2 [CH4][O2]0.5

R2 CH4 + H2O → CO + 3 H2 [CH4][H2O]
R3 CH4 + CO2 → 2 CO + 2 H2 [CH4][CO2]
R4 CO + H2O Ð CO2 + H2 [CO][H2O]
R5 CO + 0.5 O2 Ð CO2 [CO][O2]0.25[H2O]0.5

R5 (Li et al. 2021) CO + 0.5 O2 Ð CO2 [CO][O2]0.5

R6 H2 + 0.5 O2 Ð H2O [H2][O2]0.5
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mechanism provided a better description of CH4 oxidation 
rates. However, the JL and WD mechanisms tended to 
overestimate and underestimate CO production, respec
tively. Anderson et al. (Andersen et al. 2009) observed 
similar results in non-premixed oxy-combustion systems. 
Moreover, parameter optimization for the JL mechanism 
was also conducted in CH4/O2/N2 (Frassoldati et al. 2008) 
and CH4/O2/CO2 (Hu et al. 2018) combustion systems.

Recently, Si et al. (Si et al. 2020) proposed an artificial 
neural network (ANN)-based method to optimize the 
Arrhenius parameters of the JL mechanism under MILD com
bustion regime. Their study demonstrated that the prediction 
accuracy of the ANN-optimized mechanism significantly sur
passed that of other modified JL mechanisms from previous 
studies (Hu et al. 2018; Jones and Lindstedt 1988; Kim, Schnell, 
and Scheffknecht 2008; Wang et al. 2012). However, discre
pancies in CO distribution persisted in non-premixed MILD 
combustion, primarily due to the overestimation of CO con
sumption in R4 on the fuel-lean side. To address this issue, 
they proposed a new global mechanism named as GM 26, as 
shown in Table 2. Comparative analyses showed that CFD 
simulations using the GM mechanism were more accurate 
than those using the modified JL, WD, or a combination of 
reactions from both the JL and WD mechanisms.

However, previous studies have only investigated 
a limited number of global mechanisms under specific 
reaction conditions (as summarized in Table 2). To our 
best knowledge, a systematic and comprehensive compar
ison of all major global mechanisms across a broad range 
of combustion conditions has not been conducted. 
Consequently, the applicability of these mechanisms 
under diverse operating conditions – such as varying 
temperatures, oxygen concentrations, and reactant mixing 
modes – remains largely undetermined.

To address the aforementioned research gaps, the present 
study employs an ANN-based optimization framework to 
refine the existing global mechanisms in perfectly PSR simula
tions across different temperatures and O2 concentrations. The 
optimized mechanisms are further validated through compre
hensive CFD simulations encompassing both premixed and 
non-premixed mixing modes, as well as different combustion 
configurations including open and closed systems, under 
diverse operating conditions.

The objective of this study is to provide a systematic and 
quantitative evaluation of the predictive performance of each 
global mechanism. Specifically, it seeks to address the follow
ing two fundamental research questions:

(1) Which global mechanism demonstrates the highest 
predictive accuracy under significantly varying com
bustion conditions?

(2) What are the dominant factors and reaction character
istics that govern the accuracy of global mechanisms 
across different combustion environments?

Computational scheme

Simulated combustion systems

The PSR model in CHEMKIN-Pro 18.0 (ANSYS Fluent 2017) 
software is utilized in this study to optimize the parameters of 
the global mechanisms. This model assumes complete mixing 
of fuel and oxidant before their reactions, thus effectively 
neglecting the effects of mixing, convection, and radiation. 
A transient solver with a residence time of 1.0 sec is used in 
the simulations. Specific details regarding the temperature and 
reactant concentrations in the PSR cases are provided in 
Table 4.

The performance of different global mechanisms is then 
validated through CFD simulations across multiple combus
tion systems, including both open and closed configurations, 
as well as premixed and non-premixed modes, as illustrated in 
Figure 1. Note that NP-JHC and P-JHC represent non-pre
mixed and premixed open jet flames, respectively (Dally, 
Karpetis, and Barlow 2002) (Figure 1(a,b)). The NP-JHC con
figuration contains a central fuel jet with a diameter of 
4.25 mm and a coaxial hot coflow with a diameter of 82 mm. 
For the P-JHC configuration, the premixed reactant is injected 
from the central jet, which has a diameter of 4.25 mm, while 
the coflow consists of N2. Moreover, for both open systems, 
outside is the ambient air. Two-dimensional (2D) computa
tional domains are employed for the simulations due to the 
axial symmetry of the combustion system. Figure 1 provides 
the mesh details of the computational domain after grid inde
pendence verification.

Additionally, two closed combustion systems are used in 
this study: the non-premixed furnace (NPF) (Si et al. 2021) and 
the premixed furnace (PF) (Shu et al. 2020) systems (Figure 1). 
Both systems share an identical furnace with a diameter of 
300 mm and a length of 1200 mm, with the burner located at 
the bottom. In the NPF system, the burner consists of a 3.5 mm 
diameter fuel jet and a coaxial annular oxidizer jet with inner 
and outer diameters of 26.5 mm and 29.5 mm, respectively. In 
contrast, the PF system uses a burner with a premixed jet of 
10.61 mm in diameter. In these combustion systems, 

Table 4. Simulation conditions for the PSR, NP-JHC, P-JHC, NPF, and PF combustion systems. fM represents the mole fraction of species M, Ф is the equivalent 
ratio.

Case
Fuel Oxidant

Ф TPSR (Tcoflow, Twall)/K P/kWfCH4 fO2 fN2

PSR 1 0.1–1 0.9–0 1 1200, 1800, 2500 –
NP-JHC Dally, Karpetis, and Barlow (2002) 1 0.1–1 0.9–0 1200, 1800, 2500 40
P-JHC 1 0.1–1 0.9–0 1200, 1800, 2500 12
NPF Si et al. (2021) 1 0.1–1 0.9–0 0.9 1200, 1800, 2500 25
PF Shu et al. (2020) 1 0.1–1 0.9–0 0.9 1200, 1800, 2500 25
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simulations are conducted using 2D computational domains. 
Previous studies (Galletti, Parente, and Tognotti 2007; Shu 
et al. 2020; Si et al. 2021) have shown that for axisymmetric 
configurations, 2D simulations perform comparably to 3D 
simulations. Detailed information on the fuel-oxidizer compo
sition and grid details for the NPF and PF systems is provided 
in Figure 1.

The commercial CFD software ANSYS Fluent 2022R1 
(ANSYS® Fluent 2022) is used in this study. The modified 
k–ε model (Pope 1978) (with the model parameter C1ε chan
ging from 1.44 to 1.60) is employed to simulate turbulent 

flow. The eddy dissipation concept (EDC) model (Di et al.  
2022; Farokhi and Birouk 2020; Magnussen 1981; Putra and 
Ertesvåg 2023) is applied to solve turbulence–chemistry 
interactions. Additionally, the discrete ordinate (DO) model 
(Amini et al. 2023; Chui and Raithby 1993; Sarr, Groth, and 
Hu 2019) together with the weighted sum of gray gas 
(WSGG) (Rodrigues et al. 2019) model is adopted as radia
tion models. To improve the accuracy of the numerical 
solution, the quadratic upwind interpolation for convection 
kinetics (QUICK) scheme is chosen. Note that these models 
have been extensively validated in previous studies on JHC 

Figure 1. Computational domain for the (a) NP-JHC, (b) P-JHC, (c) NPF, and (d) PF systems. Units are mm.
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(Christo and Dally 2005; Hu et al. 2018; Kim, Schnell, and 
Scheffknecht 2008; Si et al. 2020, 2021; Wang et al. 2012) 
NPF (Si et al. 2021) and PF (Shu et al. 2020) combustion 
systems.

ANN-based parameter optimization method

Previous studies (Frassoldati et al. 2008; Si et al. 2021; Tu, 
Yang, and Liu 2017) have highlighted the importance of opti
mizing the reaction parameters of global mechanisms under 
varying conditions, such as, O2 concentration (fO2) and tem
perature (T). To effectively optimize the parameters, we 
employed a method based on artificial neural networks 
(ANN), as proposed in our earlier study (Si et al. 2020). 
Detailed information on the procedure, algorithm, and 

calculation time is available in that work (Si et al. 2020). 
Briefly, the ANN-based parameter optimization process 
involves three key steps, as illustrated in Figure 2:

Step 1: Generating training and testing datasets. For each 
reaction in the mechanism, Arrhenius parameters A and Ea are 
randomly generated from a uniform distribution to create 
20,000 datasets for training and 10,000 datasets for validation. 
The parameter ranges of A and Ea are set as (109, 1015) and 
(15000, 40000), respectively. Each parameter set is simulated in 
a perfectly stirred reactor (PSR) under specific fO2 and TPSR 
conditions (fO2 = 0.1, 0.21, 0.3, 0.5, 0.75, and 1; TPSR = 1200, 
1800, and 2500 K, as shown in Table 2). The maximum and 
equilibrium mole fractions of CO (XCO,max and XCO,equilibrium, 
respectively) are recorded as the training and validating out
puts. Due to the relatively narrow temperature range for each 

Figure 2. Algorithm for ANN-based parameter optimization (Si et al. 2021).
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optimization (approximately ±300 K), only parameters A and 
Ea are selected, with the temperature exponent parameter b set 
to 0, which has proven to be sufficient based on the results.

Step 2: Train the ANN. MATLAB R (2023a) is applied for 
ANN construction and training, followed by parameter 
optimization.

Step 3: Determine the optimal parameters from the ANN. 
The optimized parameters are verified by evaluating the resi
dence times required for complete CH4 consumption and peak 
XCO value. The optimized parameters can be found in the 
Supplementary Material, and the optimized global mechan
isms are referred to as M-ANN (M = GM, JL, etc.).

In the following section, simulations are conducted in both 
PSR and CFD contexts using the optimized global mechanisms 
and the results are compared with those obtained using the 
GRI-3.0 mechanism for further evaluation and analysis.

Results and discussion

Performance in PSR simulation

Figure 3 compares the error function value (Err) of the calcu
lated CO mole fraction (XCO) obtained from the optimized 
global mechanisms to those calculated using GRI-3.0 across 
different TPSR and fO2 conditions. Err, as defined by Hu et al. 
(Hu et al. 2020) measures the prediction accuracy of the 
simulated XCO. It is calculated using the following formula: 

where XCO,i is the CO mole fraction of the i-th data point 
and C is the total number of data points in the datasets. To 
calculate Err, the dataset is selected based on the time when 
XCO reaches its peak, τCO,max = a × 10d sec. Fifteen points are 
then selected around this time: 1 × 10d − 1, 2 × 10d − 1, 4 × 10d − 

1, 6 × 10d − 1, 8 × 10d − 1, 1 × 10d, . . . , 8 × 10d + 1, and 1 × 10d + 

1 sec.
Moreover, Figure 4 presents the mole fractions of CH4, O2, 

and CO in these cases. For clarity, only the results from the 
four global mechanisms (GM-ANN, JL-ANN, M5–1-ANN, 

and M5–2-ANN) with the lowest average error values (Err) 
are shown, along with those from the GRI-3.0 mechanism.

As shown in Figure 3, the average Err across all global 
mechanisms shows minimal variation. Moreover, after para
meter optimization, the species conversion processes predicted 
by these global mechanisms are remarkably similar (see 
Figure 4). The simulated CH4 decomposition rates and CO 
peak values align closely with those obtained using the GRI-3.0 
mechanism, underscoring the robustness of the ANN-based 
parameter optimization method.

Furthermore, Figure 3 suggests that Err is more sensitive 
to TPSR than fO2. Specifically, as TPSR increases, Err rapidly 
decreases. This trend is also evident in the XCO curves in 
Figure 4, where the XCO curve from the global mechanisms 
approaches that of the GRI-3.0 mechanism as TPSR 
increases. This behavior can be attributed to the suppres
sion of CO to CO2 conversion at higher TPSR, leading to 
a broader decline in the XCO curve of the GRI-3.0 mechan
ism, making it similar to those generated by the global 
mechanisms. These observations suggest that the global 
mechanisms are particularly well suited for simulating 
combustion at high reaction temperatures.

Performance in CFD simulations

Performance in non-premixed flame systems
Figure 5(a) shows the relative errors of the CO concen
tration (RECO) for NP-JHC flames, comparing simulations 
from various global mechanisms against the benchmark 
GRI-3.0 results at different fO2 and Tcoflow. In Figure 5(b), 
the relative errors in the temperature distribution (RET) 
are shown for the four global mechanisms with the lowest 
averaged RECO (JL-ANN, GM-ANN, M5–4-ANN, and 
M6-ANN). RECO and RET quantify the relative errors in 
CO concentration and temperature distributions, respec
tively, using volume averaging. The calculation process is 
as follows: (i) identify the regions where XCO/XCO,max 
≥0.05 in the GRI-3.0 simulation results, marking these as 
the combustion reaction zone. (ii) calculate RECO and RET 
within this zone:

Figure 3. Err of XCO for different ANN-optimized global mechanisms.
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where M represents a specific physical quantity (e.g., XCO 
and T).

As shown in Figure 5, GM-ANN exhibits the lowest RECO  
= 0.064. Specifically, RECO,GM-ANN < RECO,M6-ANN < RECO,JL- 

ANN < RECO,M5–4-ANN, and RET,GM-ANN < RET,M5–4-ANN < RET, 

M6-ANN < RET,JL-ANN, indicating that the simulation results 
using the GM mechanism are the closest to those obtained 
with GRI-3.0. Moreover, RECO at Tcoflow = 1800 K and 2500 
K are generally lower than that at Tcoflow = 1200 K, suggesting 
that global mechanisms perform better in simulating combus
tion at higher temperatures, consistent with PSR simulations. 
Additionally, the relatively low RET values for GM-ANN indi
cate more accurate predictions of combustion temperatures. 
RET is generally lower than RECO, for instance, averaged RET 

Figure 4. Comparison of CH4, O2, and CO concentrations from four global mechanisms (GM-ANN, JL-ANN, M5–1-ANN, and M5–2-ANN) with GRI-3.0 results at Ф = 1.0 
and TPSR = 1200, 1800, and 2500 K.

INTERNATIONAL JOURNAL OF GREEN ENERGY 7



(RET,averaged) = 0.066 is smaller than averaged RECO (RECO, 

averaged) = 0.185 in NP-JHC simulations. This may be due to 
the lower CO concentration in the reaction zone, resulting in 
larger relative errors.

Figure 6 illustrates contours of CO concentration (XCO) 
in NP-JHC flames obtained from four mechanisms with 
the lowest RECO,averaged (GM-ANN, JL-ANN, M5–4-ANN, 
and M6-ANN) and the detailed GRI-3.0 mechanism. 
Results from the M3–2-ANN mechanism are demon
strated to highlight the significance of reaction R5. The 
GM-ANN mechanism closely matches the XCO distribu
tion from the GRI-3.0 simulations, while other global 
mechanisms show significant deviations, especially on 
the fuel-rich side where XCO is generally overestimated. 
These discrepancies become more pronounced as fO2 
decreases. At fO2 = 1, however, the performance of these 
mechanisms is comparable.

These significant discrepancies in predicting the XCO dis
tribution can be largely attributed to R2 (CH4 + H2O → CO 
+3 H2), which enhances CO production on the fuel-rich side. 
Moreover, the reversible reaction R4 (CO + H2O ↔ CO2 + H2) 
also contributes to CO formation under these conditions, as 

supported by previous studies (Si et al. 2020). Therefore, R2 is 
inadequate for accurately modeling CH4 decomposition in 
non-premixed conditions.

Furthermore, M3–2-ANN underestimates XCO, which may 
stem from the lack of competition between reactions R5 (CO  
+ 0.5 O2 ↔ CO2) and R6 (H2 +0.5 O2 ↔ H2O) for O2. This 
imbalance leads to an overproduction of H2O and subse
quently driving R4 to consume more CO. These results high
light the importance of including R5 and excluding R2 for 
accurate XCO simulation under NP-JHC conditions.

Figure 7 presents the RECO and RET values for various 
global mechanisms within the NPF flame system. Stable flames 
could not be achieved at a wall temperature (Twall) of 1200 
K with fO2 ≤0.5. Among the mechanisms evaluated, GM-ANN 
consistently shows the lowest RECO and RET (0.050 and 0.027), 
as observed in NP-JHC flames. As fO2 and Twall increase, 
a distinct decrease in RECO is observed for GM-ANN, primar
ily because higher fO2 and Twall enhance the combustion inten
sity and temperature. Additionally, elevated fO2 and Twall 
reduce the dilution effect of N2, resulting in higher XCO and 
T, which increases the denominator in the calculations for RET 
and RECO.

Figure 5. (a) RECO and (b) RET for different global mechanisms in NP-JHC simulations at different fO2 and Tcoflow.
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Figure 8 compares the XCO distributions simulated using 
GRI-3.0 with those from the four mechanisms exhibiting the 
lowest RECO,averaged (GM-ANN, JL-ANN, M4–3-ANN, and 
M5–4-ANN). GM-ANN simulations align most closely with 
the GRI-3.0 results. In contrast, the other global mechanisms 
tend to overestimate XCO, primarily due to the inclusion of 
reaction R2.

In summary, for non-premixed combustion systems, GM- 
ANN generally exhibits the lowest RECO,averaged and RET,aver

aged (0.179 and 0.137), indicating that its XCO and 
T distributions are most closely aligned with those of the 

detailed GRI-3.0 mechanism. Furthermore, a systematic com
parative analysis of the averaged REM (REM,averaged) for all 
global mechanisms under non-premixed conditions is pro
vided in Supplementary Material.

Performance in premixed flame systems
Figure 9 presents the calculated RECO and RET for the global 
mechanisms within P-JHC system under different fO2 and 
Tcoflow. At Tcoflow = 1800 and 2500 K, the JL-ANN mechanism 
consistently exhibits much lower RECO and RET values than 

Figure 6. Contour distributions of XCO for different global mechanisms and GRI-3.0 in NP-JHC simulations under different fO2 and Tcoflow.
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the other global mechanisms. At Tcoflow = 1200 K, stable pre
mixed flame could not be achieved by these mechanisms.

Figure 10 compares the XCO distribution in P-JHC simula
tions from the four most accurate global mechanisms (JL- 
ANN, M3–2-ANN, GM-ANN, and M5–4-ANN) with that of 
the GRI-3.0 mechanism. The JL-ANN simulations closely 
match the GRI-3.0 results. In contrast, the GM-ANN mechan
ism underestimates the CO concentration at Tcoflow = 1800 K, 
whereas it overestimates CO concentration at Tcoflow = 2500 
K. This discrepancy can be attributed to the dual CO con
sumption reactions in GM-ANN, R4 and R5. At Tcoflow = 1800 
K, these reactions lead to an overestimation of CO consump
tion. Conversely, at 2500 K, the high temperature shifts the 
equilibrium of R5 toward CO production, resulting in an over
estimation of CO concentration. This conclusion is further 
supported by comparing GM-ANN with M3–2-ANN, where 
R5 is not included.

Compared to JL-ANN, the M3–2-ANN mechanism over
estimates XCO due to the lack of reaction R2. The JL-ANN 
mechanism improves CH4 → H2O conversion through R2, 
which enhances CO consumption via R6. This highlights the 
importance of R2 in CO conversion under premixed 

combustion conditions. Additionally, the presence of multiple 
R3 reactions in the M5–4-ANN mechanism leads to an over
estimation of CO production in the simulations. 
Consequently, for simulating premixed jet flames, the JL- 
ANN mechanism is most effective in accurately describing 
combustion and CO conversion processes.

The reactant mixing mode significantly affects the perfor
mance of global mechanisms, whereas fO2 and Tcoflow have 
minimal impact. In non-premixed combustion systems, 
where fuel and oxidizer are not mixed before combustion 
reactions, the global reaction rates of CH4 are slower, thus 
the production rates of CO and H2 are very low (CH4 +0.5O2 
→ CO +2 H2) on the fuel-rich side. Moreover, the reverse 
reaction R4 can generate excessive CO, preventing its con
sumption by R5. Conversely, under premixed conditions, 
where the fuel and oxidizer are initially mixed, the reaction 
rate of CH4 is faster, resulting in higher global combustion 
rates.

Figure 11 compares the RECO and RET values of various 
global mechanisms in PF simulations. At Twall = 1200 K, both 
RECO and RET are notably higher than those at Twall = 1800 
K and 2500 K, with RECO generally exceeding 0.5. In the PF 

Figure 7. (a) RECO and (b) RET for different ANN-optimized global mechanisms in NPF simulations at various fO2 and Twall.
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simulation, JL-ANN outperforms the other mechanisms, par
ticularly at Twall = 1800 and 2500 K. Moreover, as Twall 
increases, both RECO and RET show a decreasing trend, con
sistent with observations in the NPF cases.

Figure 12 shows the XCO distribution in PF simulations of 
four global mechanisms with the lowestRECO,averaged (JL-ANN, 
M3–2-ANN, GM-ANN, and M5–3-ANN) and that of GRI-3.0. 
Among these, the XCO levels simulated using JL-ANN most 
closely match those of GRI-3.0. However, M3–2-ANN and 

Figure 8. Contour distributions of XCO for different global mechanisms and GRI-3.0 in NPF simulations at various fO2 and Twall.

Figure 9. (a) RECO and (b) RET for different global mechanisms in P-JHC simulations at various fO2 and Tcoflow.
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GM-ANN generally overestimate XCO in most cases, except at 
fO2 = 0.1 with Twall = 1800 K and at fO2 = 1 with Twall = 1200 
K. This overestimation is likely due to the absence of R2, which 
results in a lower H2O production rate and, consequently, 
a reduced CO-CO2 conversion rate via R4. Additionally, the 
presence of R3 in M5–3-ANN leads to an overestimation of the 
peak XCO value. In summary, the JL-ANN provides the most 
accurate simulations (RECO,averaged = 0.354, RET,averaged =  
0.048) for premixed combustion, closely aligning with the 
GRI-3.0 results. A detailed quantitative comparison of the 

REM,averaged for all global mechanisms under premixed condi
tions is provided in Supplementary Material.

Conclusions

Global mechanisms play a critical role in improving the com
putational efficiency of methane combustion simulations. 
However, existing studies on global mechanisms have primar
ily focused on individual or limited operating conditions, with
out providing a comprehensive evaluation across varying 

Figure 10. Contour distributions of XCO for different global mechanisms and GRI-3.0 in P-JHC simulations under different fO2 and Tcoflow.
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combustion environments. Therefore, the predictive reliability 
of these mechanisms under different reaction scenarios 
remains unclear. To address this, the present study conducts 
systematic evaluation of existing global mechanisms for 
methane combustion by comparing their predictions of tem
perature and CO distribution against those obtained using the 
detailed mechanism GRI-Mech 3.0. The evaluation is per
formed across a wide range of operating conditions, including 
temperatures from 1200 K to 2500 K, oxygen mole fractions 
from 0.1 to 1.0, and different mixing regimes (premixed and 
non-premixed), within both jet flame and in-furnace config
urations. The main findings of this research are summarized as 
follows:

(1) In PSR simulations, the global mechanisms exhibit 
good applicability at high TPSR. In CFD simulations of 
non-premixed combustion, increasing fO2 and Twall/ 
Tcoflow leads to a decrease in RECO for GM-ANN, pri
marily because higher fO2 and Twall/Tcoflow enhance the 
combustion intensity and temperature. Additionally, 
elevated fO2 and Twall/Tcoflow reduce the dilution effect 

of N2, resulting in higher XCO and T, which increases 
the denominator in the calculations for RET and RECO. 
In PF cases, a similar influence is observed with Twall 
variation alone.

(2) In CFD simulations of non-premixed combustion, the 
GM-ANN mechanism outperforms other global 
mechanisms, closely aligning with GRI-3.0 in terms of 
XCO (RECO,averaged = 0.179) and temperature distribu
tions (RET,averaged = 0.137). Comparative analysis 
reveals that reaction R2 (CH4 + H2O → CO +3 H2) 
significantly affects XCO distribution on the fuel-rich 
side. Moreover, the competitive interaction between R5 
(CO + 0.5O2 ↔ CO2) and R6 (H2 +0.5O2 ↔ H2O) 
mitigates the overestimation of H2O production, lead
ing to more accurate XCO predictions.

(3) In CFD simulations of premixed combustion, the JL- 
ANN mechanism provides the most accurate XCO 
(RECO,averaged = 0.354) and temperature distributions 
(RET,averaged = 0.048) when compared to GRI-3.0. 
Under these conditions, R2 plays a pivotal role in con
verting CO intermediate species. Conversely, the 

Figure 11. (a) RECO and (b) RET for different global mechanisms in PF simulations at different fO2 and Twall.
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inclusion of R5 in GM-ANN leads to incorrect CO 
conversion rates under premixed conditions.

(4) Our analysis of both premixed and non-premixed com
bustion highlights the critical importance of the reac
tant mixing mode in selecting the optimal global 
mechanism. Furthermore, discrepancies between the 
performances of global mechanisms in CFD simula
tions versus PSR results suggest a further validation 
when the reaction parameters are optimized.
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Nomenclature

Symbols 
A pre-exponential factor ((cm3/mol)n-1/sec), where n is 

the reaction order
b temperature exponent
Ea activate energy (Kcal/mol)
Err error function value
fm inlet mole fraction for species m
k chemical reaction rate constant
r radial coordinate (mm)
R gas constant (m3·atm/K·kmol)
RECO relative error of CO mole fraction distribution
RECO,averaged averaged relative error of CO mole fraction 

distribution
RET relative error of temperature distribution
RET,averaged averaged relative error of temperature distribution
T temperature (K)
Tcoflow coflow temperature (K)
Twall wall temperature (K)
TPSR temperature of perfectly stirred reactor (K)
z axial coordinate (mm)

Figure 12. Contour distributions of XCO for different global mechanisms and GRI-3.0 in PF simulations under different fO2 and Twall.
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Xm mole fraction for species m
Greek letters 
Ф equivalence ratio

Abbreviations

GRI-3.0 GRI-Mech 3.0
ANN Artificial neural network\
ARE Absolute value of the relative error
GM global mechanism for MILD combustion proposed in the 

present study
M-ANN mechanism M with ANN-optimized reaction parameters
NPF non-premixed furnace
NP-JHC Jet-in-Hot-Coflow under non-premixed condition
JHC Jet-in-Hot-Coflow
JL Jones and Lindestedt’s mechanism
MILD Moderate or intense low-oxygen dilution
PF premixed straight-flow furnace
P-JHC Jet-in-Hot-Coflow under premixed condition
PSR perfectly stirred reactor
RANS Reynolds-averaged Navier-Stokes
WD Westbrook and Dryer’s mechanism
WSGGM Weight Sum of Gray Gases Model
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