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Abstract
The co-combustion of methanol and dimethyl ether (DME) presents a promising approach for achieving efficient and low-emission combustion in engines.

To  comprehensively  evaluate  the  applicability  of  detailed  chemical  kinetic  mechanisms  for  methanol/DME  blends,  six  existing  mechanisms  from  the

literature were systematically assessed using an integrated approach combining numerical simulation and experimental measurement. The analysis focused

on various key parameters, including ignition delay times (IDT), laminar burning velocity (LBV), and concentrations of different critical intermediate species.

For the first time, LBV data for methanol/DME blends at various mixing ratios were experimentally measured using the heat flux method in the present work,

providing  critical  data  for  mechanism  validation.  In  terms  of  IDT  prediction,  the  Yan  mechanism  demonstrated  the  highest  accuracy  across  different

pressures, equivalence ratios, and blend ratios, while the Aramco 2.0 mechanism also performed well under most conditions. For LBV prediction, the Yan

mechanism provided the most reliable predictions for methanol and DME under high-pressure conditions, whereas the Aramco 2.0 mechanism yielded the

smallest overall prediction error for blended fuels under atmospheric pressure. Species concentration simulations revealed that both the Aramco 2.0 and

Yan mechanisms captured the variation trends of CO, CO2, and CH2O with temperature reasonably well. However, discrepancies can be observed in CH2O

predictions around 800 K, indicating variations in the configuration of reaction pathways. Overall, the Yan and Aramco 2.0 mechanisms show high reliability

in  characterizing  the  combustion  behavior  of  methanol/DME  blended  fuels.  The  choice  between  these  mechanisms  should  be  guided  by  the  specific

pressure conditions in practical applications.
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 Introduction
The swift consumption of conventional energy sources has led to

a  worsening  greenhouse  effect.  Against  this  backdrop,  methanol
has emerged as a low-carbon and renewable energy carrier, gradu-
ally  developing  into  a  promising  alternative  fuel.  As  the  simplest
alcohol  compound,  methanol  possesses  significant  potential  as  an
alternative  fuel  and  is  often  referred  to  as  'liquid  sunshine'[1].
Methanol's liquid state at ambient temperature and pressure distin-
guishes it from gaseous alternatives like natural gas, ammonia, and
hydrogen,  enabling  easy  and  cost-effective  storage  and  transport
using  established  petroleum  infrastructure[2].  Feedstock  flexibility
allows  methanol  to  be  synthesized  from  coal,  natural  gas,  or
biomass, among others, demonstrating strong resource sustainabil-
ity.  It  can  also  be  synthesized  by  combining  carbon  dioxide  with
hydrogen generated from renewable energy sources[3,4]

. In addition,
as  an  oxygenated  fuel,  owing  to  the  absence  of  C–C  bonds,
methanol  minimizes  soot  formation  and  also  lowers  oxygen
demand  during  combustion[5].  Methanol  also  has  a  high  heat  of
vaporization,  which  can  effectively  reduce  combustion  tempera-
tures;  however,  this  characteristic  also poses  significant  challenges,
especially  during  cold-start  conditions[6,7].  Furthermore,  the  low
reactivity of methanol restricts its utilization in compression ignition
engines.  To  achieve  compression  ignition,  this  challenge  can  be
mitigated by employing high-cetane fuels or ignition improvers[8,9].
DME, the simplest ether compound, has a cetane number of 55–60,

which is higher than that of diesel fuel[10]. The production of DME via
methanol  dehydration  is  feasible,  and  through  waste  heat  utiliza-
tion,  the  catalytic  reaction  can  be  sustained  during  engine
operation[11].

Studies  have  shown  that  blending  two  fuels  with  significantly
different ignition characteristics is an effective method to be used in
compression ignition engines for combustion control[12,13]. DME and
methanol  have been the focus  of  considerable  research as  promis-
ing  clean  alternative  fuels.  According  to  fuel  design  theory,
methanol,  with  its  high  octane  number,  can  help  mitigate  knock
under  high-load  conditions,  while  DME,  with  its  high  cetane
number, can broaden the ignition range. The use of methanol/DME
blended fuels in homogeneous charge compression ignition (HCCI)
engines  therefore  allows  for  clean,  high-efficiency  combustion
across  a  wide  range  of  operating  conditions.  Through  numerical
simulations, Yao et al.[14] investigated the combustion and emission
characteristics of methanol/DME blends in HCCI engines, validating
their  results  against  experimental  data.  The  simulation  results
demonstrated  close  agreement  with  the  experimental  data.  Lee  et
al.[15] computationally  investigated  the  HCCI  combustion  of  DME-
methanol  blends.  Their  results  indicated  that  methanol  addition
elevates  the  peak  heat  release  rate  and  pressure  rise  rate,  thereby
increasing  the  propensity  for  engine  knock.  Taghavifar  et  al.[16]

studied  the  HCCI  combustion  characteristics  of  multicomponent
diesel-DME/methanol  blends.  Their  results  demonstrated  that  a
higher DME concentration extends the ignition delay and raises the
heat release rate.
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To  more  effectively  utilize  methanol/DME  blended  fuels,  a
thorough  understanding  of  their  reaction  mechanisms  is  crucial.
Practical  combustion  systems,  such  as  engine  combustion  cham-
bers,  require  more  specific  studies  on  the  reaction  processes  of
methanol/DME mixtures.  Some progress  has  already been made in
this  area.  Using  an  RCM,  Wang  et  al.[17] measured  the  IDT  of
methanol/DME  blends.  Their  investigation  revealed  that  the
unimolecular decomposition of HO2CH2OCHO has a significant influ-
ence  on  the  low-temperature  ignition  process.  Song  et  al.[18] used
simulations  to  examine  DME's  effect  on  methanol  blend  ignition
delay.  They  found  that  at  850  K,  DME-derived  low-temperature
species  play  a  critical  role  in  facilitating  auto-ignition.  In  addition,
Yan  et  al.[19] investigated  DME  oxidation  in  an  SP-JSR.  Their  results
showed that at 100 atm, the NTC behavior is weaker than at 10 atm,
and the intermediate temperature oxidation window shifts to lower
temperatures. Burke et al.[20] measured IDTs for DME, methane, and
DME/methane  mixtures  using  a  shock  tube  (ST)  and  a  rapid
compression machine (RCM), and constructed a new kinetic model.
The  study  found  that  the  incorporation  of  a  Quantum-Rice-
Ramsperger-Kassel  (QRRK)  treatment  for  pressure-dependent
low-temperature  oxidation  reactions  was  essential  for  accurate
predictions of DME's IDTs. Wang et al.[21] studied DME oxidation in a
laminar  flow  reactor  and  developed  a  refined  sub-mechanism  via
rate  constant  analysis  and  theoretical  calculations.  This  improved
mechanism  accurately  describes  DME's  oxidation  behavior  across
low and intermediate temperature ranges. Hashemi et al.[22] investi-
gated  the  pyrolysis  and  oxidation  of  DME  and  DME/methane
mixtures  in  a  laminar  flow  reactor.  Their  results  showed  that  DME
exhibits  an  NTC  region  which,  while  sensitive  to  equivalence  ratio,
consistently occurs between 575 and 625 K. Reuter et al.[23] studied
DME  combustion  in  a  counterflow  burner.  Their  results  indicated
that at a fixed fuel mass fraction, blending methane with DME raises
the  high-temperature  extinction  limit  while  lowering  the  low-
temperature one.

The  primary  objective  of  this  work  is  to  evaluate  different  DME
kinetic  mechanisms  and  identify  the  model  that  most  accurately
captures the combustion behavior of methanol/DME blended fuels.
In this study, six DME kinetic mechanisms published in the literature
between  2014  and  2022  were  selected  to  investigate  their  perfor-
mance  in  simulating  the  combustion  of  methanol/DME  blends.
They  are  the  Yan  mechanism[19],  the  Aramco  2.0  mechanism[20],
the  Wang  mechanism[21],  the  Hashemi  mechanism[22],  the  Reuter
mechanism[23],  and  the  Pelucchi  mechanism[24].  The  Yan  mecha-
nism, which comprises 130 species and 894 elementary reactions, is
an updated version based on the Reuter mechanism. It incorporates
revisions  to  the  reaction  rates  of  relevant  chemical  reactions  using
research  findings  from  Klippenstein[25,26],  Zhao[27],  and  Mulvihill[28],
among others. The updated mechanism improves upon the original

by enabling accurate prediction of species concentrations after the
oxidation of DME under high-pressure conditions. The Reuter mech-
anism  was  developed  to  address  the  low-temperature  oxidation
chemistry  coupling  of  DME  and  CH4 blended  mixtures.  It  was
constructed  by  systematically  studying  the  extinction  limits  of  hot
flames, cool flames, and ozone-assisted cool flames using a counter-
flow  burner  experimental  platform.  The  mechanism  was  updated
based on the work of  Zhao et  al.[29],  resulting in  a  final  mechanism
containing  130  species  and  893  elementary  reactions.  The  Wang
mechanism, consisting of 78 species and 301 elementary reactions,
was derived from the Zhao mechanism. It was refined by incorporat-
ing research results from Carr[30] and Sivaramakrishnan[31] to update
key reaction pathways and rate constants. The Hashemi mechanism,
which  includes  102  species  and  894  elementary  reactions,  was
developed  specifically  for  CH4/DME  blends.  It  was  constructed  on
the  basis  of  an  H2/C1/C2  alcohol  sub-mechanism,  integrating  the
formic  acid  sub-mechanism  from  Marshall  and  Glarborg[32],  with
each  DME-related  reaction  being  individually  evaluated.  The
Aramco 2.0 mechanism was developed by the University of Galway
and contains 176 species and 2,716 elementary reactions, including
a DME sub-mechanism. The Pelucchi mechanism was developed by
Politecnico  di  Milano  and  consists  of  356  species  and  10,171
elementary reactions, also incorporating a sub-mechanism for DME.
Although  not  all  of  these  mechanisms  were  originally  developed
specifically  for  methanol/DME  combustion,  it  is  meaningful  to
validate  them  and  extend  their  applicability  by  comparing  their
performance, especially for engine relevant conditions, as shown in
Table 1.  To assess the performance of each kinetic mechanism, this
study  investigates  IDT,  LBV,  and  species  concentrations  for
methanol/DME blended fuels.

 Experimental and numerical methods

 Experimental methods
To validate different kinetic models, experimental data from rele-

vant  literature  was  utilized,  as  summarized  in Table  2.  Due  to  the
lack  of  LBV data  for  methanol/DME mixtures,  preliminary  measure-
ments  were  conducted  in  this  work  using  the  heat  flux  method
(HFM), as shown in Fig. 1.  The heat flux was developed and refined
by  De  Goey  et  al.[33],  enabling  flame  stabilization  on  a  perforated
plate burner.  The fundamental  principles can be found in the work
of Wang et al[34].  The core advantage of using a heat flux burner to
measure LBV lies in its ability to create and stabilize an unstretched,
one-dimensional  flat  flame,  thereby  avoiding  the  complex  and
error-prone extrapolation processes required by other methods. The
platform  mainly  consists  of  the  heat-flux  burner,  a  fuel  supply

 

Table 1.  Basic information on the model referenced.

Model Species Reactions Fuel system Methods/objects Conditions Year Ref.

Yan 130 894 DME SP-JSR/species T = 400–900 K, p = 10, 100 atm, φ = 0.175–1.72,
t = 0.1–1 s

2022 [19]

Aramco
2.0

176 2,716 CH4/DME RCM/IDT; ST/IDT T = 600–1,600 K, p = 7–41 bar, φ = 0.3–2.0, CH4,
DME, CH4/DME = 80/20, 60/40

2014
[20]

Wang 78 301 DME JSR/species; Laminar flow reactor/species T = 400–1,160 K, p = 1–40 atm, φ = 0.6–1.2 2014 [21]
Hashemi 102 894 CH4/DME Laminar flow reactor/species; LBV T = 450–900 K, p = 1–100 bar, φ = 0.06–20,

t = 4–22 s, χDME = 1.8%–3.6%, 100%
2019

[22]

Pelucchi 356 10,171 toluene/n-heptane Theory and modeling/rate constants and
model validation; ST, RCM/IDT; JSR/species;
Flame speed measurements/LFS

T = 300–2,500 K, p = 0.1–1,000 bar, φ = 0.2–5.0 2018
[24]

Reuter 130 893 CH4/DME Counterflow burner/flames p = 0.1 MPa, φ = 0.25–1.5,
χDME = 0%–100%

2018
[23]
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system, and a temperature monitoring system. The gases of air and
DME used in  the experiments  were regulated by Azbil  digital  mass
flow controllers.  Methanol is  delivered using a micro-syringe pump
and then passes through an evaporation system to ensure complete
vaporization before being introduced into the heat flux burner. This
study measures the LBV of  blended fuels  with DME molar  fractions
of  40%  and  80%  under  atmospheric  pressure,  a  temperature  of
298 K, and φ = 0.7–1.4.

The uncertainty in this study originates mainly from three sources:
errors  associated with the mass flow controllers,  errors  in  tempera-
ture  measurement  within  the  heat  flux  burner,  and  fluctuations  in
the initial temperature.

Error introduced by the mass flow controller can be shown as:

∆S L = (∆F f uel+∆FN2+∆FO2 )/600 A

where, ΔSL represents  the  uncertainty  of  the  mass  flow  controller,  in
cm/s, A is the surface area of the furnace pan of the heat flow meter, in
m2,  and ΔF denotes the uncertainty of the flow rate of the mass flow
controller, in L/min.
ΔF is calculated as follows:

∆F = 0.8%Rd+0.2%FS
where, Rd represents  the  reading  of  the  mass  flow  meter,  and Fs
denotes its  range.  According to the manufacturer's  recommendation,
the  mass  flow  meter  should  be  operated  above  10%  of  its  minimum
range for optimal accuracy.

There are errors in the temperature distribution measurement of
the eight thermocouples on the furnace pan of the heat flow meter.

The error due to temperature measurement can be shown as:

σS L =
1
s

2σtc

r2
b

where, s is  the  sensitivity  parameter,  corresponding  to  the  derivative
value of the temperature distribution curve when the parabolic factor β
is 0, σ is the mean standard deviation of the thermocouples (0.8 K), and
rb is the radius at the outermost thermocouple i.e., 14.7 mm.

The error of the equivalence ratio can be calculated as follows:

∆ϕ/ϕ = ∆F f uel/F f uel+∆FO2/FO2

Based  on  detailed  uncertainty  analysis  calculations,  the  experi-
mental accuracy for the LBV measurements stays within ± 1 cm/s.

 Numerical methods
 Ignition delay modeling

The IDT is defined as the period from the End of Compression to
the time at which the first derivative of pressure with respect to time
reaches its maximum value. In premixed combustion, this key prop-
erty is largely dictated by the mixture's reactivity[45].  IDT is primarily
influenced by fuel composition, temperature, and pressure. Predict-
ing IDT through numerical simulations not only allows for a deeper
understanding of the chemical kinetics involved in the combustion
process,  but  also  helps  optimize  the  design  and  operation  of
combustion  systems  by  employing  simplified  mechanisms  and
selecting appropriate kinetic parameters. In both research and engi-
neering applications, calculating IDT is a key tool for achieving effi-
cient  and  low-emission  combustion.  In  practice,  IDT  is  commonly
measured  using  ST  and  RCM  during  experiments,  as  in  previous
studies[17,46].  Due  to  viscosity,  heat  transfer,  and  non-equilibrium
effects  during experiments,  deviations  from ideal  conditions  occur.
Therefore,  inert  gases  are  often  used  to  highly  dilute  the
fuel/oxidizer  mixture  to  minimize  the  influence  of  these  factors  on
experimental measurements.

This  study  uses  the  Closed  Homogeneous  Batch  Reactor  in
CHEMKIN-PRO  software  and  performs  RCM  simulations  by  varying
the  reactor  volume  to  account  for  the  specific  effects  of  the  RCM.
During  the  simulations,  methanol/DME  blended  fuels  were  diluted
with  nitrogen  to  minimize  the  effects  of  viscosity,  heat  transfer,
and  non-equilibrium  phenomena,  as  encountered  in  RCM
experiments[47].  A  series  of  numerical  simulations  covering  exten-
sive  pressure,  temperature,  and  equivalence  ratio  conditions  were
carried out to reproduce the experimental data from Wang et al.[17].

 

Table 2.  Experimental data used in the study.

Fuel/oxidizer Methods Specified initial conditions Date used in the study Year Ref.

Methanol/DME/O2/N2 RCM T = 585–910 K, p = 15–30 bar, φ = 0.5–2 IDT 2018 Wang et al.[17]

Methanol/DME/air HFM T = 298 K, p = 1 atm, φ = 0.7–1.4 LBV 2025 This study
Methanol/air HFM T = 298 K, p = 1 atm, φ = 0.7–1.4 LBV 2021 Wang et al.[34]

Methanol/air CVCC T = 298–425 K, p = 0.5–3.5 bar, φ = 0.8–1.6 LBV 2004 Saeed et al.[35]

Methanol/air HFM T = 298–358 K, p = 1 bar, φ = 0.7–1.5 LBV 2014 Sileghem et al.[36]

Methanol/air HFM T = 298–358 K, p = 1 bar, φ = 0.7–1.5 LBV 2012 Vancoillie et al.[37]

Methanol/air CVCC T = 298–700 K, p = 0.4–50 atm, φ = 0.8–1.5 LBV 1982 Metghalchi et al.[38]

DME/air HFM T = 298 K, p = 1 atm, φ = 0.7–1.7 LBV 2018 Wang et al.[39]

DME/air CVCC T = 298 K, p = 1–10 atm, φ = 0.7–1.6 LBV 2005 Qin et al.[40]

DME/air CVCC T = 303–493 K, p = 0.1 MPa, φ = 0.7–1.6 LBV 2015 Yu et al.[41]

DME/air CVCC T = 295 K, p = 1 bar, φ = 0.7–1.7 LBV 2001 Daly et al.[42]

DME/air Counterflow burner p = 0.1 MPa LBV 2009 Wang et al.[43]

Methanol/O2/N2 JSR T = 700–1,200 K, p = 10 atm, φ = 1, t = 0.05 s Concentration of
CH2O, CO, CO2

2016 Burke et al.[44]

DME/O2/N2 JSR T = 500–900 K, p = 10 atm, φ = 0.175, t = 0.12–0.07 s Concentration of
CH2O, CO, CO2

2022 Yan et al.[19]

 

Fig. 1  Experimental setup for laminar burning velocity.
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 Laminar burning velocity modeling
LBV  is  a  key  parameter  for  characterizing  premixed  combustion

flames  and  a  fundamental  metric  for  validating  detailed  chemical
kinetic  mechanisms.  In  this  study,  LBV  was  simulated  using  the
PREMIX module, which models steady-state, one-dimensional, freely
propagating  flames.  The  simulations  account  for  thermo-diffusion
(Soret  effect)  and employ a  multicomponent  diffusion approach to
describe  molecular  diffusion.  In  addition  to  the  flame  speed,  the
simulation  provides  temperature  profiles,  species  concentration
distributions,  and  reaction  rate  distributions.  Furthermore,  reaction
sensitivity analyses—such as sensitivities of  laminar flame speed or
temperature—can  be  conducted  during  computation  to  support
more in-depth reaction kinetics studies. The numerical conditions in
this  work correspond to the experimental  setup reported by Wang
et  al.[34],  enabling  comparison  of  LBV  predictions  from  different
chemical mechanisms across a range of equivalence ratios.

 Jet stirred reactor modeling
Jet  stirred  reactors  (JSRs)  are  essential  devices  for  studying  the

oxidation behavior of species at various temperatures. They are typi-
cally  coupled  with  instruments  such  as  gas  chromatographs  (GC),
gas  chromatography-mass  spectrometry  (GC-MS),  and  flue  gas
analyzers to enable real-time detection of the experimental fuel and
its  oxidation  products  under  different  operating  conditions.  In  this
study,  simulations  of  JSR  experiments  were  conducted  using  the
transient  solver  in  the  Perfectly  Stirred  Reactor  (PSR)  module.  This
module allows for the calculation of the concentrations of reactants,
intermediates, and final products during the reaction process. Sensi-
tivity analysis and reaction pathway analysis can also be performed
during  the  simulation,  facilitating  a  more  in-depth  investigation  of
reaction kinetics.  The numerical  simulation conditions  in  this  study
are similar to those used in the experiments conducted by Burke et
al.  and  Yan  et  al.[19,44],  and  are  employed  to  compare  species
concentrations  predicted  by  different  mechanisms  under  various
conditions.

 Results and discussion

 Ignition delay time analysis
Since Wang et al. have conducted comprehensive experiments on

the IDTs of methanol/DME, the study begins its validation with IDT.
To investigate the accuracy of existing methanol/DME mechanisms
in  predicting  IDT,  simulations  were  conducted  for  methanol/DME
blended  fuels  with  varying  DME  mole  fractions  (25%,  50%,  and
75%), φ =  0.5,  1,  2,  and p  =  15,  30  bar.  The  simulation results  were
validated  using  the  experimental  data  reported  by  Wang  et  al.  For
clarity,  in  this  study,  'C'  represents  methanol,  'D'  represents  DME,
and the numbers indicate the corresponding fuel proportion.

Figure 2a shows the variation of IDT with the inverse of tempera-
ture for a C50D50 mixture at an φ = 1, under p = 15 bar. As shown in
Fig.  2a,  the  Yan  mechanism  demonstrates  the  best  prediction
performance.  The  predictions  from  the  Pelucchi  and  Aramco  2.0
mechanisms  are  relatively  close,  but  slower  than  those  of  the  Yan
mechanism  when  the  temperature  exceeds  750  K.  The  Hashemi
mechanism  predicts  faster  IDTs  than  the  Yan  mechanism  overall.
The  Wang  and  Reuter  mechanisms  yield  similar  results,  showing  a
trend  of  over-prediction  (shorter  IDT)  at  low  temperatures  and
under-prediction (longer IDT) at high temperatures compared to the
Yan  mechanism.  As  illustrated  in Fig.  2b,  when  the  pressure
increases  from 15 bar  to  30 bar,  all  mechanisms tend to  underesti-
mate  the  IDT  at  low  temperatures,  with  the  Yan  mechanism

exhibiting the smallest error. Reasonable predictions of the blended
fuel's  IDT  are  provided  by  the  Pelucchi,  Aramco  2.0,  Wang,  and
Reuter mechanisms. The prediction accuracy of the Hashemi mecha-
nism significantly improves with increasing pressure.

Figure  2a, c,  and d show  the  IDT  variation  with  temperature  for
the C50D50 mixture at 15 bar and φ = 0.5, 1.0, and 2.0, respectively.
Figure  2c reveals  a  discrepancy  between  the  Yan  mechanism  and
experimental  data,  where  the  model's  overprediction  of  IDTs
increases  with  temperature.  Other  mechanisms  also  show  certain
deviations, but their predictions generally fall within the experimen-
tal  uncertainty.  As  illustrated  in Fig.  2d,  the  Yan  and  Aramco  2.0
mechanisms  show  the  best  agreement,  with  good  consistency  at
temperatures  below  750  K.  At  temperatures  above  750  K,  the
Aramco 2.0 mechanism demonstrates better accuracy than the Yan
mechanism. The Pelucchi mechanism exhibits a similar trend to the
Aramco 2.0 mechanism but with larger errors. The Wang and Reuter
mechanisms yield comparable results and show a tendency to over-
predict  IDT  (shorter  delay)  at  temperatures  below  700  K.  The
Hashemi  mechanism  deviates  significantly  from  the  experimental
data,  consistently  predicting  much  shorter  IDTs.  Overall,  from
Fig.  2a, c,  and d,  the  Yan  and  Aramco  2.0  mechanisms  provide  the
most  accurate  predictions  of  ignition  delay  under  varying  equiva-
lence ratios.

At 15 bar and 800 K, with φ = 0.5, 1, and 2, a brute-force sensitivity
analysis  was  conducted  for  the  C50D50  mixture  to  explore  the
differences among various mechanisms.  In  this  context,  A negative
value of the sensitivity coefficient signifies ignition promotion, while
a  positive  value  signifies  inhibition.  As  shown  in Fig.  3a and b,  the
most  sensitive  reactions  during  ignition  calculations  using  the  Yan
and  Aramco  2.0  mechanisms  were  compared.  It  is  clear  that  the
reactions CH3OCH3 + OH = CH3OCH2 + H2O, and CH3OCH3 + HO2 =
CH3OCH2 +  H2O2 are  the  most  effective  in  promoting  ignition  in
both  mechanisms.  However,  the  most  inhibiting  reactions  differ
significantly between the two mechanisms: for the Yan mechanism,
CH2OCH2O2H  =  OH  +  2CH2O  has  the  strongest  inhibiting  effect,
while for the Aramco 2.0 mechanism, CH3OH + OH = CH2OH + H2O is
the  most  inhibitory.  In  fact,  differences  in  the  rate  constants  of
certain key reactions can greatly affect the prediction of ignition. For
example,  for  the  highly  promoting  reaction  CH3OCH3 +  OH  =
CH3OCH2 + H2O, the rate constant is k = 2.32 × 105 in the Yan mech-
anism  and k =  9.35  ×  105 in  the  Aramco  2.0  mechanism.  This  case
illustrates how such differences in rate parameters can significantly
alter predictive performance in ignition simulations.

Figure  2a, e,  and f respectively  show  the  difference  of  IDT  with
temperature  for  blended  fuels  at  different  mixing  ratios  under
conditions  of  15  bar  and  a φ =  1.0.  As  shown  in Fig.  2e,  all
mechanisms except for the Yan mechanism exhibit a trend of over-
predicting IDT at  low temperatures and under-predicting it  at  high
temperatures.  The  Yan  mechanism,  however,  shows  accurate
predictions  at  low  temperatures,  with  increasing  deviation  as
temperature  rises.  Nonetheless,  the  prediction  errors  of  all  mecha-
nisms fall  within  the  experimental  uncertainty  range.  In Fig.  2f,  the
Aramco  2.0  mechanism  demonstrates  relatively  accurate  predic-
tions,  while  the  others  show slight  deviations  from the experimen-
tal  data.  Considering Fig.  2a, e,  and f together,  the  accuracy  of  the
Yan mechanism is evident in its predictions of methanol/DME blend
IDTs across various mixing ratios.  Therefore,  to illustrate the kinetic
differences among blended fuels with varying mixing ratios, a sensi-
tivity analysis was conducted using the Yan mechanism, as shown in
Fig.  3c.  The  analysis  was  performed  under  conditions  of  15  bar,
800  K,  and  an  equivalence  ratio  of  1  for  C25D75,  C50D50,  and
C75D25 blended fuels. The results indicate that for the C50D50 and
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C75D25  blends,  the  reaction  R795  (CH3OCH3 +  HO2 =  CH3OCH2 +
H2O2) has the most significant promoting effect on ignition, and the
sensitivity  coefficient SR795 exhibits  a  linear  relationship  with  the
methanol/DME ratio—the higher the methanol content, the greater
the sensitivity of IDT to SR795.  For the C75D25 blend, reactions R824
and R48 are  the  two most  influential  promoting reactions.  Regard-
ing ignition inhibition, the most influential inhibiting reactions vary
among  the  different  blended  fuels.  Interestingly,  reaction  R187
promotes  ignition  for  the  C50D50  and  C75D25  blends,  but  is  the
most inhibitive reaction for the C25D75 blend.

A comprehensive validation of six kinetic mechanisms using RCM
data  across  various  pressures,  equivalence  ratios,  and  blending
ratios shows that the Yan mechanism emerges as the most reliable

for IDT prediction. The Aramco 2.0 mechanism also provides highly
satisfactory  predictions.  Additionally,  the  Wang  and  Reuter  mecha-
nisms demonstrate relatively high predictive accuracy in most cases.

 Laminar burning velocity analysis
To  further  evaluate  the  performance  of  existing  kinetic  mecha-

nisms  in  predicting  the  LBV  of  premixed  methanol/DME  flames,
simulations were conducted for pure methanol, pure DME, C20D80,
and C60D40 mixtures under various equivalence ratios. The simula-
tion  results  were  validated  against  experimental  data  for  pure
methanol  and  DME  according  to  Wang  et  al.[25,26]. Figure  4 shows
the  simulated  flame  speeds  of  pure  methanol,  pure  DME,  C20D80,
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and  C60D40  using  different  DME  mechanisms.  The  simulations
reveal  a  non-monotonic  dependence  of  LBV  on  the  equivalence
ratio, characterized by an initial increase followed by a decrease.

Figure 4a illustrates the predictive accuracy of four kinetic mecha-
nisms (Yan, Wang, Aramco 2.0, and Reuter) for the LBV of methanol
at  298  K,  clearly  showing  their  agreement  with  the  experimental
data  from  Saeed  and  Wang  under  different  pressures.  The  results
indicate that  under  atmospheric  pressure,  all  mechanisms overpre-
dict  the  LBV  under  fuel-rich  conditions  when  compared  to  the
experimental  data.  The  mean  relative  errors  for  the  Yan,  Wang,
Aramco  2.0,  and  Reuter  mechanisms  are  3.33%,  4.17%,  6.10%,  and
3.48%,  respectively.  In  this  condition,  the  Wang,  Reuter,  and  Yan
mechanisms  all  demonstrate  relatively  high  predictive  accuracy.  A
more detailed analysis reveals that the accuracy of each mechanism
varies  across  different  equivalence  ratios.  The  Reuter  mechanism
shows the best prediction within the φ = 1.1–1.4, with a mean rela-
tive  error  of  4.37%.  In  contrast,  the  Yan  mechanism  achieves  the
best prediction within the equivalence ratio range of 0.7–1.0, with a
mean  relative  error  of  1.46%.  Under  a  pressure  of  0.5  bar,  all  four
mechanisms exhibit high predictive accuracy in the fuel-lean region.
However,  their  predictions  fall  below  the  experimental  values  near
the  stoichiometric  ratio,  while  overpredictions  are  observed  under
fuel-rich  conditions.  The  mean  relative  errors  for  the  Yan,  Wang,
Aramco  2.0,  and  Reuter  mechanisms  at  0.5  bar  are  6.83%,  5.08%,

6.3%,  and  5.79%,  respectively.  Here,  the  Wang  mechanism  shows
the highest accuracy, while the prediction errors of the other mech-
anisms  are  relatively  close,  making  them  viable  alternatives  for
application.  At  a  higher  pressure  of  3  bar,  the  overall  prediction
trends of all mechanisms for equivalence ratios below 1.2 are similar
to  those  observed  at  0.5  bar.  However,  in  the  fuel-rich  region,  the
Wang  and  Aramco  2.0  mechanisms  perform  better,  with  their
predictions largely consistent with the experimental data. The mean
relative  errors  at  3  bar  are  8.57%,  4.64%,  7.39%,  and  8.96%  for  the
Yan,  Wang,  Aramco  2.0,  and  Reuter  mechanisms,  respectively.  The
Wang  mechanism  maintains  the  highest  predictive  accuracy,
although  the  differences  compared  to  the  other  mechanisms
remain relatively small.  The prediction errors of  all  mechanisms are
within 10%. In summary, for predicting methanol's LBV under differ-
ent  pressures,  the  discrepancies  in  predictive  deviation  among  all
the  mechanisms  are  not  substantial.  A  further  analysis  will  be
provided in the following section.

To  further  investigate  the  reasons  for  the  discrepancies  among
different  mechanisms,  a  sensitivity  analysis  of  pure  methanol  was
conducted  under  atmospheric  pressure  using  various  mechanisms
to illustrate the differences between the mechanisms. Since the Yan
mechanism  provides  the  most  accurate  predictions  under  lean
conditions,  and  the  Reuter  mechanism  performs  well  under  rich
conditions.  Under  lean  conditions,  as  shown  in Fig.  5a and b,  the
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reactions  H  +  O2 (+M)  =  HO2 (+M)  and  H  +  O2 =  O  +  OH  have  the
greatest  influence  on  the  LBV  in  both  mechanisms,  with  their
promoting  and  inhibiting  effects  being  largely  consistent.  Further
analysis shows that the reaction CO + OH = CO2 + H ranks second in
promoting  effects  in  both  mechanisms.  Under  rich  conditions,  as
shown  in Fig.  5c and d,  reaction  H  +  O2 =  O  +  OH  exhibits  the
strongest  inhibiting  effect  on  flame  speed  in  the  Yan  mechanism
but  has  the  strongest  promoting  effect  in  the  Reuter  mechanism.
Conversely,  the  reaction  HCO  +  H  =  CO  +  H2 has  the  most  signifi-
cant  promoting  effect  in  the  Yan  mechanism  but  shows  the  most
significant  inhibiting  effect  in  the  Reuter  mechanism.  These  differ-
ences observed in the sensitivity  analyses may explain the discrep-
ancies between the two mechanisms in predicting LBV.

Figure 4b illustrates the predictive accuracy of four kinetic mecha-
nisms  (Yan,  Wang,  Aramco  2.0,  and  Reuter)  for  the  LBV  of  DME  at
298 K, clearly demonstrating their agreement with the experimental
data  from  Qin  and  Wang  under  different  pressures.  Under  atmo-
spheric  pressure,  the  Wang  mechanism's  prediction  curve  shows
excellent agreement with the experimental data. The mean relative
errors  for  the  Yan,  Wang,  Aramco  2.0,  and  Reuter  mechanisms  are
7.58%,  2.36%,  8.18%,  and  11.37%,  respectively.  A  more  detailed
analysis  reveals  that  the  accuracy  of  each  mechanism  varies  across
different  equivalence  ratios.  In  the  fuel-lean  region  (equivalence
ratio  0.7–1.0),  the  Yan  and  Wang  mechanisms  demonstrate  the
highest predictive accuracy, with mean relative errors of 2.71% and
3.05%,  respectively.  In  the  fuel-rich  region  (equivalence  ratio
1.1–1.7),  the  Wang  mechanism  achieves  the  best  accuracy  with  a
mean  relative  error  of  0.53%.  At  2  bar,  the  mean  relative  errors  for
the  Yan,  Wang,  Aramco  2.0,  and  Reuter  mechanisms  are  14.53%,
20.12%, 21.4%, and 18.32%, respectively. The Aramco 2.0 and Reuter

mechanisms show higher accuracy in the fuel-rich region, while the
Yan and Wang mechanisms perform better  near the stoichiometric
ratio. However, in the fuel-lean region, all mechanisms deviate from
the  experimental  data,  with  overall  over-predictions.  At  6  bar,  the
mean relative errors are 19.82%, 25.62%, 24.83%, and 23.44% for the
Yan,  Wang,  Aramco  2.0,  and  Reuter  mechanisms,  respectively.  The
Aramco 2.0 and Reuter mechanisms exhibit relatively high accuracy
in the slightly fuel-rich region, followed by the Yan and Wang mech-
anisms.  The  predictions  in  the  fuel-lean  region  are  consistent  with
the  trends  observed  at  2  bar.  In  summary,  under  high-pressure
conditions, the Yan mechanism should be prioritized due to its high-
est  predictive  accuracy.  Under  atmospheric  pressure,  the  Wang
mechanism is the preferred choice, followed by the Aramco 2.0 and
Yan mechanisms.

To  further  investigate  the  reasons  for  the  differences  among
mechanisms,  a  sensitivity  analysis  was  conducted  for  the  Yan  and
Wang  mechanisms  under  lean  and  rich  conditions  for  pure  DME
combustion.  Under  lean  conditions,  as  shown  in Fig.  6a and b,  the
reaction H + O2 = O + OH exhibits the strongest promoting effect on
flame speed in the Wang mechanism, but it  plays the most inhibit-
ing role  in  the  Yan mechanism.  In  contrast,  in  the  Yan mechanism,
the reaction H + O2 (+M) = HO2 (+M) shows the strongest  promot-
ing effect, while in the Wang mechanism this reaction ranks second
among  the  most  inhibiting  reactions.  However,  both  mechanisms
predict  nearly  identical  flame  speeds  under  these  lean  conditions,
suggesting  that  these  reaction-level  differences  have  little  overall
impact  on  flame  speed  in  this  regime.  Under  rich  conditions,  as
shown in Fig. 6c and d, both mechanisms identify the H + O2 = O +
OH  reaction  as  the  most  inhibiting  for  LBV.  However,  there  are
significant  differences in the key promoting reactions.  In  the Wang
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Fig. 4  Variation of LBV of methanol and DME with equivalence ratio: Experimental data (symbols) vs simulation results from various models (lines).
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mechanism, the reaction H + OH + M = H2O + M provides the great-
est  promoting  effect,  whereas  in  the  Yan  mechanism,  the  most
significant promoting reaction is HCO + H = CO + H2. The CO and H2

produced  in  the  Yan  mechanism  may  explain  why  it  predicts  a
higher LBV than the Wang mechanism at φ = 1.2.

In Fig.  4c,  the  LBV  of  the  C60D40  mixture  was  calculated  with
detailed mechanisms.  Results  show that  the average relative  errors
compared  with  experimental  data  are  9.54%,  4.42%,  8.01%,  and
8.79%  for  the  Yan,  Aramco  2.0,  Reuter,  and  Wang  mechanisms,
respectively. It can be observed that the primary error of the Aramco
2.0  mechanism  at  this  point  arises  primarily  from  rich  operating
conditions  in φ =  1.0–1.3,  indicating  significant  room  for  improve-
ment  in  the  mechanism's  performance  under  these  specific  condi-
tions. In Fig. 4d, the LBV of the C20D80 mixture was simulated. The
results indicate that the Reuter mechanism delivers the best predic-
tion for  the mixture,  with an average relative error  of  2.43%,  whilst
the Yan, Wang, and Aramco 2.0 mechanisms show average relative
errors  of  5.18%,  5.58%,  and  8.26%  respectively.  It  can  be  observed
that  the  Reuter  mechanism  exhibits  a  significant  deviation  at  an
equivalence  ratio  of  1.4,  indicating  a  particular  opportunity  for
improvement in its performance under this specific condition.

To  further  illustrate  the  predictive  differences  among  mecha-
nisms  at  various  blend  ratios,  sensitivity  analysis  was  conducted
using C20D80 as an example. For both lean and rich conditions, the
Reuter  mechanism,  known  for  its  high  prediction  accuracy  across
blend ratios,  was selected for analysis.  Additionally,  the Aramco 2.0

mechanism,  which  performs  best  at  60%  DME,  was  also  analyzed.
Under  lean  conditions  (Fig.  7a, b),  the  sensitivity  analysis  revealed
that the reactions O2 + H = O + OH and H + O2 (+M) = HO2 (+M) are
the  most  influential  on  LBV  in  both  mechanisms,  acting  as  the
strongest  inhibitor  and  promoter,  respectively.  A  difference  in  the
second most significant promoting elementary reaction is likely the
cause  of  the  higher  predictions  made  by  the  Aramco  2.0  mecha-
nism.  Under  rich  conditions  (Fig.  7c, d),  the  elementary  reactions
significantly  affecting  LBV  show  considerable  consistency  between
the two mechanisms. However, there exists a notable discrepancy in
their  predicted  LBV.  This  disparity  is  primarily  attributed  to  differ-
ences in the sensitivity coefficients of the same key reactions within
each mechanism.

In summary, the Yan mechanism is recommended as the priority
choice  under  high-pressure  conditions,  as  it  demonstrates  satisfac-
tory  performance  for  both  pure  methanol  and  pure  DME.  Under
atmospheric  pressure,  the  Aramco  2.0  mechanism  is  primarily
recommended due to its good performance for methanol, DME, and
methanol/DME blended fuels.

 Species concentration analysis
Methanol and DME are both low-carbon, oxygenated fuels. When

blended  and  used  in  engines,  in  addition  to  producing  conven-
tional emissions such as CO and CO2, they also generate unconven-
tional emissions like CH2O. In light of this, to more comprehensively
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Fig. 5  Sensitivity analysis of the Yan and Reuter models at different equivalence ratios.
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evaluate the performance of different chemical kinetic mechanisms,
species  concentration  validations  were  further  conducted  for  the
Yan, Wang, Aramco 2.0, and Reuter mechanisms using experimental
data from jet stirred reactor studies by Burke et al. and Yan et al.[19,44]

(as summarized in Table 2).
Figure  8a shows  the  temperature-dependent  concentrations  of

CO,  CO2,  and  CH2O  during  methanol  oxidation  in  the  JSR.  It  is
evident that all four mechanisms can predict the experimental data
with reasonable accuracy, with deviations falling within experimen-
tal  uncertainty.  However,  the  Aramco  2.0  mechanism  results  align
more  closely  with  the  experimental  values. Figure  8b displays  the
temperature-dependent  concentrations  of  CO,  CO2,  and  CH2O
during DME oxidation in the JSR.  It  can be clearly observed that all
four  mechanisms  overestimate  CH2O  concentrations  at  800 K,  but
under most conditions they can predict the experimental data accu-
rately.  Moreover,  the  Yan  mechanism  predictions  generally  match
the experimental  data better across most conditions.  This is  under-
standable, as the Yan mechanism was specifically developed based
on  this  experimental  data.  Overall,  both  the  Aramco  2.0  and  Yan
mechanisms produce satisfactory predictions.

To  clarify  the  cause  of  the  prediction  deviations  at  800 K, Fig.  9
presents  the  CH2O  sensitivity  analyses  at  800 K  using  the  Yan  and
Wang  mechanisms.  The  analysis  shows  that  for  two  mechanisms,
the  reaction  CH3OCH3 +  OH  =  CH3OCH2 +  H2O  is  the  most  signifi-
cant  promoting  reaction.  However,  their  most  dominant  inhibiting

reactions differ.  For the Yan mechanism, CH3OCH2 = CH3 + CH2O is
the  most  inhibiting  reaction,  while  for  the  Wang  mechanism,
CH2OCH2O2H = OH + 2CH2O plays this role. This difference accounts
for  the  discrepancy  in  their  CH2O  predictions. Figure  10 shows  the
CH2O  formation  pathways  for  DME  at  800 K  with  a  conversion  of
20% using the Yan and Wang mechanisms. It  can be observed that
in  both  the  Yan  and  Wang  mechanisms,  the  primary  pathway  for
CH2O  formation  is  CH3OCH3 → CH 3OCH2 → CH 3OCH2O2 →
CH2OCH2O2H  → CH 2O.  The  formed  CH2O  subsequently  reacts  with
radicals such as OH and HO2 to produce CO and H2O. Compared to
the  Wang  mechanism,  the  Yan  mechanism  includes  an  additional
consumption pathway for CH2O: CH2O → H2O2 → H2O. The under-
estimation of CH2O concentration at 800 K is likely attributed to two
main  reasons:  first,  the  rate  constants  in  the  reaction  pathways
responsible for CH2O formation may be underestimated, leading to
lower  CH2O  concentrations;  second,  the  rate  constants  in  the
consumption  pathways  may  be  overestimated,  which  would  also
result in reduced CH2O levels.  In subsequent reaction kinetics stud-
ies,  the  relevant  rate  constants  should  be  adjusted  to  improve  the
predictive accuracy of the mechanism.

The  Yan  mechanism  was  employed  to  simulate  pure  methanol,
C60D40, and C20D80 blends under conditions identical to Burke et
al.[44] (Fig.  8c),  in  order  to  investigate  the  temperature-dependent
concentration  trends  of  CO,  CO2,  and  CH2O  between  700  and
1,200  K  for  different  mixing  ratios.  A  key  finding  is  that  the
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Fig. 6  Sensitivity analysis of the Wang and Yan models at different equivalence ratios.
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evolution of  the  concentrations  of  CH2O and CO first  increase,  and
then  decrease  with  rising  temperature,  while  CO2 concentration
shows  a  continuously  increasing  trend.  The  concentration  varia-
tions of these three species do not follow a simple linear trend with
increasing  DME  content.  For  example,  CO  concentration  first
increases and then decreases as the DME proportion rises.

 Conclusions
The accurate description of the combustion process of methanol/

DME  is  important  for  fundamental  and  application  combustion
studies. However, a comprehensive and comparative assessment of
recently  developed combustion kinetic  mechanisms for  these fuels
is notably absent. This study employed kinetic simulations to assess
six  up-to-date  reaction  mechanisms  against  a  comprehensive
dataset,  which included ignition delay  times  (IDT),  laminar  burning
velocities  (LBV)  of  methanol/DME,  and  key  species  concentrations
during oxidation. The following conclusions were drawn.

Simulation  of  the  IDT  for  methanol/DME  mixtures  showed  that
the Yan, Wang, Reuter,  and Aramco 2.0 mechanisms can accurately
predict  the  IDT,  with  the  Yan  mechanism  exhibiting  the  highest
accuracy.  Sensitivity  analysis  revealed  significant  differences  in  the
most sensitive inhibiting reactions between the Yan mechanism and
the  Aramco  2.0  mechanism.  When  the  DME  mole  fraction  reaches

75%,  the  most  dominant  promoting  and  inhibiting  reactions  differ
significantly from those at 25% and 50%.

In terms of LBV, under high-pressure conditions,  the Yan mecha-
nism  demonstrates  satisfactory  predictive  performance  for  both
methanol and DME. At atmospheric pressure, the Aramco 2.0 mech-
anism is  recommended as  the preferred choice,  as  it  performs well
for  methanol,  DME,  and  methanol/DME  blended  fuels.  Sensitivity
analysis conducted with different mechanisms reveals that the vary-
ing  sensitivities  of  elementary  steps  under  identical  conditions  are
identified as the fundamental cause of the predictive discrepancies
among the mechanisms.

In  terms  of  predicting  the  concentrations  of  major  intermediate
species,  the  Aramco  2.0  and  Yan  mechanisms  exhibited  overall
smaller  prediction  deviations  and  were  able  to  accurately  repro-
duce  the  temperature-dependent  variation  trends  of  CO,  CO2,  and
CH2O.  Sensitivity  analysis  and  reaction  pathway  analysis  revealed
that differences in key promoting and inhibiting reactions, as well as
radical consumption pathways are the main reasons for the discrep-
ancies  in  predictions  among  different  mechanisms.  Simulations  of
methanol/DME mixtures with varying blending ratios using the Yan
mechanism  showed  that  the  concentration  changes  of  different
species  do  not  follow  a  simple  linear  trend  with  increasing  DME
content.

Therefore, for future practical industrial applications of methanol/
DME  blended  fuels,  both  the  Yan  and  Aramco  2.0  mechanisms  are
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Fig. 7  Sensitivity analysis of the Aramco 2.0 and Reuter models at different equivalence ratios.
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promising,  as  they can provide acceptable predictions for  IDT,  LBV,
and  species  concentrations.  The  Yan  mechanism  exhibits  superior
performance  under  high-pressure  conditions,  whereas  the  Aramco
2.0  mechanism  is  relatively  more  suitable  for  use  at  atmospheric
pressure.  They  have  the  potential  for  broader  application  in  future
engine combustion studies and simulations. In future work, it is still
necessary  to  further  supplement  experimental  data  on  the  laminar
combustion and low-temperature  oxidation behavior  of  methanol/

DME  blends,  and  to  continuously  optimize  kinetic  mechanisms
based  on  experimental  results  to  gain  deeper  insights  into  their
applicability in real engines.
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