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Abstract

Ethanol, a key renewable biofuel, is vital for decarbonizing transportation and industry. Accurate
simulation of its combustion is crucial for optimizing engines and burners, especially in diffusion
flames common in diesel engines, turbines, and furnaces. While detailed kinetic models offer precise
predictions, they are computationally expensive, prompting the creation of reduced and global
mechanisms. However, these vital modeling tools remain scattered across the literature, and no
systematic overview exists for models validated specifically for ethanol diffusion flames. Researchers
currently lack a consolidated guide on which mechanisms are available, what reduction methods
were used, and against which specific non-premixed experimental targets they have been validated.
This scoping review addresses this gap by systematically identifying, mapping, and categorizing the
existing literature on both detailed and reduced kinetic mechanisms for ethanol diffusion flames. We
will collate mechanisms from numerical and experimental studies, classifying them by their size,
reduction methodology, and the specific diffusion flame configurations and properties used for their
validation. This review will facilitate appropriate model selection for diffusion flame simulations,
highlight key progress, identify unaddressed research gaps, and ultimately accelerate the
development and deployment of cleaner, more efficient ethanol combustion technologies.

Keywords: diffusion flame; ethanol; biofuel; detailed mechanism; reduced kinetics

Introduction

The global imperative to mitigate climate change and enhance energy security has positioned
biofuels as a cornerstone of future sustainable energy portfolios [1, 2, 3, 4, 5, 6, 7, 8, 9, 10]. Among
these, ethanol (C2H50H) has emerged as a leading renewable fuel, particularly as a gasoline additive
or a complete substitute in internal combustion (IC) engines [11, 12, 13, 14, 15, 16, 17, 18, 19, 20]. Its
high oxygen content (~35% by mass) promotes cleaner combustion, reducing particulate matter (soot)
and carbon monoxide emissions compared to conventional petroleum fuels [21, 22, 23]. Furthermore,
its production from diverse biomass feedstocks (e.g., corn, sugarcane, cellulosic materials) offers a
pathway to a carbon-neutral fuel cycle [24, 25, 26, 27]. However, the effective design and optimization
of advanced combustion devices (e.g., gas turbines, industrial furnaces, and modern direct-injection
engines) that utilize ethanol blends or pure ethanol depend critically on accurate, predictive
simulations [28]. The combustion of ethanol, even as a relatively simple alcohol, is governed by a
complex network of chemical kinetics, involving dozens of species and hundreds of elementary
reactions [29, 30]. High-fidelity simulations, such as Large Eddy Simulation (LES) or Direct
Numerical Simulation (DNS), require this chemical detail to accurately capture complex phenomena
like ignition delay, flame stabilization, and pollutant formation [31]. This high-fidelity comes at a
steep, often prohibitive, computational cost. Detailed mechanisms, such as the widely-used LLNL
[32] are computationally intractable for inclusion in multi-dimensional Computational Fluid
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Dynamics (CFD) simulations of practical-scale combustors. This "curse of dimensionality” in
chemical kinetics has driven a decades-long effort within the combustion community to develop
reduced kinetic mechanisms [33, 34, 35, 36, 37, 38, 39, 40] [41, 42, 43, 44, 45, 46, 47] [48]. These models
(e.g., skeletal, global, or quasi-steady-state) are systematically simplified to retain only the essential
chemical pathways for specific combustion regimes, dramatically reducing computational time while
preserving predictive accuracy for key targets. This need is particularly acute for diffusion flames
(non-premixed combustion). This combustion regime, where fuel and oxidizer are initially separate
and mix via diffusion, dominates many practical applications, from diesel engine sprays and aircraft
gas turbines to industrial flares and catastrophic fire modeling [49]. The complex, multi-scale physics
of diffusion flames—including the intricate coupling of mixing, transport, and finite-rate chemistry
that governs flame structure, lift-off, and soot inception—presents a unique validation challenge for
reduced mechanisms [50]. A mechanism reduced for premixed flame speed, for example, may not
accurately predict the extinction strain rate or soot precursor formation in a diffusion flame [51].
Despite these advances, a significant and practical gap persists in literature. While numerous reduced
ethanol mechanisms have been published, they are scattered across a wide array of journals and
conference proceedings. More importantly, they are often validated for different regimes (e.g.,
premixed flames, shock tubes, or homogeneous reactors). For a researcher or engineer aiming to
model an ethanol diffusion flame, no consolidated resource exists. Key questions remain
unanswered: What reduced mechanisms are available for ethanol diffusion flames? What reduction
methodologies were employed to create them? Against which specific experimental diffusion flame
data (e.g., counterflow flame structure, co-flow flame lift-off, soot volume fraction) have they been
validated? What are their reported trade-offs in terms of size (species/reactions) versus accuracy? To
address this gap, we present the first scoping review dedicated to mapping the landscape of reduced
kinetic mechanisms for ethanol diffusion flames. This review systematically identifies, collates, and
categorizes the available literature from both numerical and experimental studies. We classify the
mechanisms based on their reduction technique, size, and, most critically, the specific diffusion flame
configurations used for their validation. This work provides a comprehensive "map" of the current
state-of-the-art, highlighting established models, identifying research gaps, and serving as a
foundational resource to guide model selection for future biofuel combustion simulations. We can
now proceed to the Methods section. This is where we will detail the precise, step-by-step plan for
how you will find and categorize the papers (e.g., which database, what keywords, what data you
will extract). Shall we move on?

Review Approach

This review was designed as a scoping review to comprehensively map the existing literature
on reduced, skeletal, and detailed kinetic mechanisms for ethanol combustion in diffusion flames.
We followed established scoping review frameworks (Arksey and O’Malley) and reporting
guidelines (PRISMA-ScR) to ensure a systematic and transparent methodology [52, 53] [54]. Scoping
reviews are specifically intended to “synthesize evidence and assess the scope of literature on a topic”
emphasizing breadth of coverage and identification of knowledge gaps. No restrictions on
publication year were applied, enabling inclusion of both foundational older studies and the most
recent developments. The review protocol (including the search strategy and inclusion criteria) was
developed iteratively by the corresponding author in advance and not registered on a public
platform, as scoping reviews do not always require protocol registration. However, all steps
described below were conducted with rigorous and reproducible procedures in line with best
practice.

Literature Search Strategy

The primary databases searched were Scopus, Web of Science (Core Collection), ScienceDirect, and
Google Scholar. These were chosen to cover a wide range of engineering, combustion science, and
chemistry literature. Additional targeted searches were performed in technical libraries and grey
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literature repositories (e.g., arXiv preprint server and the U.S. DOE’s OSTI database) to capture
conference papers, dissertations, technical reports, and other non-indexed works proposing ethanol
mechanisms. The search was first executed in Month Year (with updates through October 2025 to
include the latest publications). No temporal filter was applied, but we ensured that recent advances
(past ~10 years) were well-represented in the analysis by noting publication trends over time. The
search strategy combined keywords reflecting three conceptual themes: fuel type, flame/combustion
context, and kinetic mechanism. Boolean logic was used to join terms within each theme and across
themes. For example, a general query template was: (ethanol OR bio-ethanol OR E85 OR E20) AND
(diffusion flame OR non-premixed flame OR jet flame OR coflow flame OR counterflow flame OR
spray flame OR flame extinction OR lifted flame **OR pool fire** OR **pool flame**) AND (kinetic
mechanism OR reaction mechanism OR reduced mechanism OR skeletal mechanism). The following
terms capture a range of diffusion flame configurations of interest — including jet flames, pool fires,
and other non-premixed flame setups Flame/combustion terms: ‘diffusion flame’, ‘non-premixed
flame’, ‘jet flame’, ‘coflow flame’, ‘counterflow flame’, ‘spray flame’, ‘flame extinction’, ‘lifted flame’,
“pool fire (pool flame)’.Study Selection and Eligibility Criteria

After completing searches, we conducted a multi-stage screening to select studies meeting our
criteria. We first screened titles and abstracts, excluding only clearly irrelevant papers, then reviewed
full texts of candidates against criteria. The process is documented in a PRISMA diagram showing
record counts at each stage.

Inclusion Criteria

Studies were considered for inclusion if they met all the following conditions:

Focus on ethanol fuel kinetics:

The study involved ethanol or ethanol-containing fuel blends (e.g., E10, E20, E85) as the
combustible fuel. Studies proposing mechanisms for pure ethanol fuel or for blended fuels (ethanol-
gasoline mixtures or other ethanol-based blends) were included.

Chemical kinetic mechanism content:

The source presented, developed, or evaluated a chemical kinetic mechanism for ethanol
combustion. This encompassed detailed mechanisms (comprehensive reaction sets), skeletal/reduced
mechanisms (simplified subsets of detailed mechanisms), or global mechanisms (overall reduced-
step models). Studies introducing new mechanisms or significantly modifying existing mechanisms
(e.g., mechanism reduction papers) were included. We also included papers focused on mechanism
performance or validation, such as those comparing multiple mechanisms or testing a mechanism
against experiments, as these contribute to mapping the mechanism landscape.

Relevance to diffusion flames:

We specifically targeted mechanisms intended for, or validated under, diffusion flame
conditions (non-premixed combustion). Studies that validated mechanisms in jet flame
configurations (such as laminar co-flow jet flames, counterflow flames, or turbulent diffusion flames)
were of primary interest. However, we did not strictly exclude mechanisms solely on the basis of
validation context; if a mechanism was developed for ethanol combustion and validated in other
settings (e.g., premixed flames, stirred reactors, shock tubes), it was still included for completeness,
provided it was broadly applicable to flame modeling. (In such cases, we noted the lack of diffusion-
flame validation as a gap.)

Publication type:

We included peer-reviewed journal articles, conference proceedings (e.g., Proceedings of the
Combustion Institute, SAE, and ASME conference papers), and credible grey literature such as
technical reports or preprints. Publications needed to be available in English. Grey literature was
included if it came from recognized research groups or institutions proposing kinetic mechanisms
(for example, national laboratory reports or well-established preprint servers). This inclusive
approach ensured that important mechanisms described outside traditional journals were captured.
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Exclusion Criteria

Studies were excluded if any of the following were true: i) the study did not involve ethanol or
ethanol-blended fuels, ii) the study did not include a chemical kinetics modeling component, e.g.,
purely experimental flame studies without reference to a reaction mechanism were excluded unless
they explicitly compared or validated kinetic models as part of their analysis, iii) the study only
mentions using an ethanol mechanism but does not provide any details, development, or evaluation
of the mechanism, iv) Full text of the article was not accessible. After applying these criteria, the
remaining set of publications comprised the corpus for data extraction.

Results

Inventory of Mechanisms

Figure 1 represents a UpSet plot showing the overlap of ethanol combustion flame studies (1999-
2025) across six categories (Premixed, Diffusion, Laminar, Turbulent, Spray, Pool). Horizontal bars
on the left indicate the total number of studies in each category, while vertical bars (top) show the
number of studies for each intersection of categories. Filled circles connected by lines identify which
categories are involved in a given intersection. The largest intersections — Laminar N Premixed and
Laminar n Diffusion —are highlighted, reflecting that many studies focus on laminar premixed flames
and laminar diffusion flames. The plot is formatted for clarity and journal-quality reproduction, with
axis labels for the number of studies in each set and intersection.
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Figure 1. across six classification categories: Premixed, Diffusion (non-premixed), Laminar, Turbulent, Spray,

and Pool.

Table 2 reveals a wide diversity among the reduced kinetic mechanisms for ethanol diffusion
flames in terms of mechanism type, reduction methodology, and validation configuration. The
mechanisms surveyed range from overall global schemes with only a few lumped steps to skeletal
models comprising dozens of species, reflecting varying degrees of simplification. Equally diverse
are the reduction techniques employed - including directed relation graph methods (DRG),
sensitivity and pathway analyses, quasi-steady-state approximations, asymptotic analysis, and more
recently even machine-learning approaches. Each approach aims to pare down detailed ethanol
chemistry while retaining essential pathways. The validation environments for these mechanisms
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span from canonical laminar diffusion flames (e.g. opposed-flow counterflow flames and co-flow jet
flames) to more complex, large-scale scenarios. For instance, some mechanisms were validated
against flame structure and extinction data in laboratory burners, whereas others were tested in spray
flames, turbulent combustion jets, or even 3D pool fire simulations. This breadth of validation setups
underscores the scope of conditions under which the reduced mechanisms have been evaluated,
ranging from fundamental flame properties (ignition delays, flame speeds, extinction limits) to
practical fire safety metrics (burning rates, flame height, pollutant emissions). Two notable emerging
trends are evident in this body of work. First, researchers have begun leveraging artificial neural
networks (ANNSs) to assist in mechanism reduction. This data-driven strategy has recently yielded
compact yet accurate skeletal mechanisms (e.g. a 43-step ANN-derived ethanol mechanism) that
agree well with detailed model predictions and experimental data. Second, there is a clear shift
toward validating reduced mechanisms under more realistic, turbulent flame conditions. Instead of
confining validation to laminar bench-scale flames, newer studies are testing skeletal models in
turbulent jet diffusion flames and large-scale pool fire simulations, demonstrating good agreement
with measured flame behavior and emissions. These trends — the adoption of advanced ANN-based
reduction techniques and the extension of validation to complex flame environments — highlight an
ongoing evolution in ethanol mechanism development. Collectively, these observations set the stage
for the subsequent Discussion section, where the implications of such diverse approaches and

emerging practices are examined in detail.

Table 2. Comprehensive inventory of ethanol diffusion-flame kinetic mechanisms validated under non-

premixed conditions, spanning detailed, skeletal, and global formulations.

Species
Wor ] Reduction  Validated Validation .
K Type Fuel /Reactio Method Config. Targets Notes / Rationale
First detailed
ethanol mechanism
*. 3
Premixed Laminar flame by LLNLY; ‘,Nldely
. used for high-T
Detailed N/A flame (flame speeds, L2
. Ethano ~50+/ . o ethanol oxidation.
[32] (foundational (comprehensiv speeds), ignition delays . e
1 ~300+ . . No direct diffusion
) e mechanism) shock tube, (premixed/JSR .
flame validation in
JSR ) ..
original work, but
serves as a
foundational model.
“San Diego”
mechanism
optimized for
ethanol. Validated
Counterflow .
i against shock
diffusion S L
Extinction 1gnition, flame
Ethano flame strain rates;  speeds, and new
Detailed 1 N/A (built  (laminar, ;. Speeas
. . 36-57 / . flame counterflow
[55] (foundational (with from prior C1- opposed .
192-288 . . structure (T, diffusion flame
) NOx & C2 chemistry) jets); ) .
. species experiments
C3) partially . .
. profiles) (species &
premixed
temperature
flame . .
profiles at strain
~100 s™-1).

Performs as well as
larger mechanisms.
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Comprehensive
mechanism for

small
Premixed Laminar flame hydrocarbon/alcoho
Hierarchical  flames, speeds 1 fuels. Validated on
Detailed C1-C2 50+ / assembly shock, . pnitiorl1 extensive datasets
[56] (foundational incl. 200+ (Galway RCM, JSR :igela s (premixed flames,
) ethanol AramcoMech (no specific . y " reactors), but no
. . speciation in cpe 1 .
1.3) diffusion specific diffusion
reactors N
flame) flame validation
reported (used
mainly as reference
mechanism).
Optimized detailed
model based on
Saxena’s mech.
Achieved good
COZZZZOW Ignition accuracy for
Mechanism (species delays, ignition, flame
Detailed  Ethano optimization . laminar flame propagation and
[57] . 49 / 251 . profiles), E S
(optimized) 1 (genetic cemixed speeds, flame species profiles in
algorithm) P flames species flames. Provides a
shock tu:be profiles tuned mechanism
over wide
conditions; used as
“ELTE” mechanism
in later studies.
Single-step global
kinetics fitted to
non-premixed flame
Counterflow extinction behavior.
diffusion Validated by
flame Extinction predicting opposed-
mpirical fit aminar strain rate .. ..
Global (1- Ethano 1 overall Empirical f lami : ext?r?(?;cflr? Elrfuts
[58] : 1 " (extinction opposed (critical nsistent with
step) Step data) flow); “blow-off” C(e)xsfrfmexls
porous- velocity) P '
sphere Simplest
f}ljame mechanism for
CFD; captures
overall reactivity
but no intermediate
species detail.
Counterflow Developed
diffusion multipurpose
31/66 flame Flame skeletal (66-step)
letal lami - T, A
Skeletal + (skeletal) Path analysis + (laminar) str}lcture (. , and reduced QSS
Ethano ;16/14 flame  major species (14-step)
[59] QSSA QSSA steady- . .
(hybrid) 1 global state reduction structure & profiles) and mechanisms.
Y steps extinction;  extinction  Validated against
(QSSA) also strain rate  ethanol counterflow
premixed flame structure and
flames, extinction limits,
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autoignitio with performance
n comparable to a
257-step detailed
mechanism.

Achieves ~80% CPU
reduction vs
detailed model with
minimal accuracy
loss.
Compact skeletal
mechanism for
ethanol spray
flames. Applied
quasi-steady state
assumptions to
shrink a detailed
QSSA-based Coflow spray Flame model to 35 species.

Skeletal Ethano reduction flame St:::::gfn& e[f}fsiollns[)gs ?li:r?e
(reduced) ) 35/87 (steady-state (laminar 4 & pray

for DNS in hot ('OH/CHZO (SpraySyn burner)
, . fields, flame  to study flame
intermediates)  coflow) .
length) quenching under
electric fields.
Validated by
matching flame
structure
observations;
facilitates LES/DNS
of spray flames.
Reduced
mechanism for fire
scenarios (open-air

ethanol/methanol
fires). Key

intermediates (e.g.

C2H2, C2H4, C3H3)

Ethano ~20-30/ Pool fires, Burning rate, retained to predict
I(and - (not Sensitivity &  tank fires flame height;  soot precursors.
[61] (reduced for M(eOH rep(orted path analt;,sis (turblﬁent; product y?elds Validl:ited by 3D

) exact) 3D CFD)  (CO, soot) CFD of pool fires —

good agreement
with literature data
on flame behavior
and emissions.
Enables safety
simulations (fuel
spills, storage fires).

HCCI Ignition  28-species reduced
28/ Directed  autoignition  timing, mechanism
Ethano (reaction  reduction (OD); no  pressurerise  developed for
1 s not (from ~145- direct in HCCI; (later engine conditions.
stated)

spec detailed) diffusion used in spray Validated for HCCI
flame flame LES)

and premixed
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autoignition (high-
pressure) — not
initially validated
on diffusion
flames. Included
here for
completeness, but
excluded from
results table since
diffusion flame
performance is
unproven (though it
has been used in
LES of ethanol
flames).
ANN-based
reduction produced
a 43-step skeletal
mechanism for
ethanol (including
NOx formation
chemistry);
validated on a
Flame turbulent diffusion
Skeletal  Ethano . Tur‘bule.nt structure (T, flame (,j et? with
63] (ANN-  1(with 2630/43  ANN  Jctdiffusion o eyanq  Ppredictions.
agreeing well with

derived)  NOx) flame ( fom NOx .
premixed) literature flame data

formation (species profiles,
NOx). This work
demonstrates the
viability of
machine-learning
techniques in
mechanism
reduction for
ethanol flames.

*Lawrence Livermore National Laboratory.
Discussion

Mechanism Diversity and Reduction Techniques

The literature reveals a wide array of reduced kinetic mechanisms for ethanol diffusion flames,
spanning from compact global schemes to skeletal mechanisms with tens of species. Ethanol’s
combustion chemistry has been intensely studied — more than a dozen detailed mechanisms have
been published [59] — and numerous reduced variants have proliferated to ease computational
burdens. These mechanisms differ not only in size (e.g., 16-50 species in skeletal models vs. hundreds
in detailed ones [59]) but also in how they are derived. Traditional reduction methods like Directed
Relation Graphs, sensitivity analyses, and quasi-steady-state assumptions remain prevalent, yielding
skeletal models that preserve key pathways for specific conditions. At the same time, newer
approaches are emerging: for example, Millan-Merino ef al. developed a “multipurpose” ethanol
mechanism with only 16 species by applying systematic QSSA reductions, while still capturing
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autoignition and flame propagation behaviors across regimes [59]. Such diversity in available
mechanisms underscores that no single reduced model works best for all scenarios — each is a
compromise tuned to particular flame conditions or targets. Notably, data-driven techniques have
started to play a role in mechanism reduction. In one study, an artificial neural network (ANN) was
trained on detailed chemistry to produce a reduced 43-step mechanism for an ethanol flame [63]. This
ANN-based reduction successfully reproduced flame properties (including NOx formation) in a
turbulent ethanol jet flame, agreeing well with literature data [63]. The emergence of ANN-assisted
mechanism generation [63] and other machine-learning surrogates signals a new frontier in kinetic
model development. These techniques can automate the identification of important reactions or even
replace the reaction kinetics with trained models, as seen in recent work where on-the-fly ANN
tabulation in DNS achieved order-of-magnitude speedups with minimal loss of accuracy [63].
Overall, the landscape of ethanol combustion models is rich and varied — ranging from hand-reduced
skeletal schemes to cutting-edge Al-derived mechanisms - reflecting the myriad strategies
researchers have explored to balance detail and efficiency.

Trade-Offs: Size, Fidelity, and Applicability

Developers of reduced mechanisms must navigate practical trade-offs between mechanism size
and fidelity. Cutting down a detailed ethanol mechanism by an order of magnitude can yield
dramatic speed gains (e.g., 70-80% reduction in CPU time [59]), but every species or reaction removed
risks eroding predictive accuracy. Many studies reported that skeletal mechanisms with ~30 species
can closely match detailed model results for major outputs like ignition delay or laminar flame speed
while offering huge computational savings [59]. However, further reducing to ultra-compact schemes
(tens of reactions) often forces aggressive assumptions (e.g., lumping species or assuming quasi-
steady state for multiple intermediates [59]). This can constrain the mechanism’s applicability: a
mechanism tuned to reproduce flame speeds in simple burners may struggle in a different regime
like ignition in shock tubes or extinction in strained flames [59]. In general, there is a continuum of
models from large and very faithful to small but approximate. Selection of an appropriate mechanism
thus hinges on the problem requirements — for instance, whether the emphasis is on speed and major
species only, or if fidelity for secondary phenomena (ignition timing, flame structure, emissions) is
critical.

Different reduction methodologies also carry distinct biases. Direct graph-based pruning tends
to preserve kinetics important to a chosen baseline condition, so the resulting mechanism excels near
that design point but may lose accuracy off-design. By contrast, optimization-based reductions (e.g.,
mechanism tuning via hierarchical optimization [59]) attempt to fit multiple targets and can yield
more globally applicable models at the cost of a larger mechanism. Meanwhile, ANN or other
surrogate approaches can encapsulate detailed chemistry behavior in a black-box model; these can
be highly compact and fast, but they often require retraining or careful validation when extrapolated
beyond the training domain [63]. The choice of reduction method is therefore intertwined with
applicability. For example, the ANN-derived ethanol mechanism mentioned above was trained on a
specific turbulent flame configuration [63] — its accuracy in vastly different scenarios (e.g., high-
pressure ignition) is not guaranteed without retraining. Similarly, skeletal mechanisms built via
sensitivity analysis for atmospheric flames may exclude pressure-dependent pathways, limiting their
fidelity under elevated pressures. The practical implication is that mechanism developers and users
must balance size versus fidelity in context: a slightly larger mechanism may be justified if it retains
critical pathways (such as low-temperature oxidation or pollutant formation) needed for the intended
application. Indeed, some recent efforts explicitly design families of reduced mechanisms tailored to
different conditions (for instance, separate low-temperature and high-temperature skeletal schemes)
to ensure accuracy across the full range of operating regimes [51]. Such strategies acknowledge that
a “one-size-fits-all” reduced mechanism is elusive, and trade-offs are best managed by targeting the
mechanism to the combustion scenario of interest.
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Validation in Turbulent and Pool Flames

A key finding of this scoping review is that validation of ethanol mechanisms is increasingly
extending beyond canonical laminar cases into more complex diffusion flame configurations.
Historically, most reduced mechanisms were validated against zero-dimensional ignition delays,
laminar flame speeds, or simple jet flames at atmospheric pressure. While those tests are essential,
they do not fully capture the multi-dimensional, unsteady nature of practical combustion.
Encouragingly, some studies have begun to bridge this gap. Pereira and de Bortoli (2018)
demonstrated a reduced 43-step mechanism (with integrated NOx chemistry) in an ethanol turbulent
jet diffusion flame, showing good agreement with experimental flame length and species profiles[5].
This was one of the first instances of an ANN-assisted reduced mechanism being applied to a highly
turbulent flame, indicating that reduced kinetics can indeed handle the interplay of turbulence and
chemistry when properly optimized. Likewise, pool fire validations have emerged: Wako et al. (2021)
developed a 20-reaction ethanol mechanism and implemented it in full 3D CFD simulations of
ethanol pool fires [61]. The reduced model was able to fairly predict key fire characteristics such as
burning rate, flame size, and temperature, with only slight overestimation of radiative heat flux
compared to experiments [61]. This level of agreement in a large-scale, open-air flame is notable, as
pool fires involve complex heat feedback and vaporization processes that push kinetic models to their
limits.

The success of these validations suggests that reduced mechanisms are maturing to handle real-
world combustion scenarios. However, they also remain relatively few. Each turbulent or large-scale
flame study tends to develop its own mechanism or adapt one with additional sub-mechanisms (e.g.,
for NOx), implying that no widely accepted “standard” reduced mechanism exists yet for such
conditions. Moreover, conditions like spray combustion in engines — involving high-pressure,
evaporating ethanol sprays — are still underrepresented in validation studies. There have been some
LES studies of ethanol spray flames using detailed kinetics (e.g., Marinov’s 235-step scheme [30]),
and recent works have crafted skeletal mechanisms for multi-dimensional engine simulations [51].
Yet, systematic validation of reduced models in high-pressure spray flames (typical of diesel or gas
turbine injectors) remains scarce. This is an important next step because flame structure and ignition
in those environments can differ significantly from atmospheric flames. In summary, the trend
toward validating mechanisms in turbulent jets, swirls, and pool fires is a positive development,
demonstrating that reduced mechanisms can be trusted in complex flows. Expanding these efforts —
to cover a broader range of pressures, fuel blends, and flame configurations — will greatly enhance
confidence in using reduced kinetics for design and safety analyses in practical systems.

Gaps and Limitations in Current Literature

Despite clear progress, our review identified several gaps and limitations in the current body of
work on reduced ethanol mechanisms. One prominent limitation is the lack of NOx chemistry
coupling in most reduced mechanisms. Because nitric oxide formation typically involves additional
species (N radicals, NO, NH, etc.) and slow reactions, many mechanism developers have excluded
NOx sub-mechanisms to keep models small. As a result, reduced models often cannot directly predict
NOx emissions. For instance, Millan-Merino et al. explicitly note that their 16-species ethanol
mechanism can predict major pollutants like CO within the reduced chemistry, but NOx must be
obtained by post-processing the flame results with a separate NOx mechanism [59]. This approach —
omitting NOx from the main mechanism —is common, but it means combustion simulations will miss
feedback between NOx chemistry and the main flame (e.g., thermal NO formation or reburn effects).
The omission is especially problematic for biofuel applications, since one selling point of ethanol is
its potential for low NOx emissions; without coupled NOx kinetics, such claims cannot be directly
validated by simulation. Going forward, there is a need for reduced mechanisms that include at least
skeletal NOx pathways or for efficient strategies to couple a small NOx mechanism without
exorbitant cost. The 43-step ANN-based mechanism mentioned earlier is a notable attempt to
integrate NOx in a reduced model [63], but most other studies have not taken this step.
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Another gap is the relative paucity of validation under high-pressure spray flame conditions.
Ethanol is often used in engines (e.g., direct-injection spark-ignition or dual-fuel diesel engines)
where combustion occurs at elevated pressures in stratified, spray-driven flames. These
environments feature rapid evaporation, mixing-limited burning, and sometimes low-temperature
chemistry — all of which pose challenges for reduced kinetics. Yet, few papers report testing reduced
ethanol mechanisms against high-pressure experimental data (such as spray combustion bombs or
engine experiments). The majority of validations are at atmospheric or mild pressures, and some
mechanism studies explicitly confine their scope to 1 atm [63]. This leaves uncertainty about how
well the reduced models perform when pressure-sensitive reaction pathways (e.g., third-body falloff
reactions, or the suppression of chain-branching by pressure) become important. It also raises the
question of low-temperature oxidation behavior: a mechanism pared down for high-temperature
flames might not capture cool flame or ignition delay dynamics that manifest in pressurized fuel
spray ignition. The literature would benefit from targeted studies that evaluate existing reduced
mechanisms (or adapt them) for spray combustion, comparing predictions to measured ignition
delays, flame liftoff lengths, and pollutant levels in high-pressure ethanol sprays. Until such work is
more common, modelers must be cautious extrapolating current mechanisms to engine-like
conditions.

Additional limitations include the scarcity of reduced mechanisms validated for ethanol blend
fuels and for sooting flames. Ethanol is often blended with other fuels (gasoline, diesel, biodiesel), yet
most reduced mechanisms in the literature are formulated for pure ethanol oxidation. When ethanol
is part of a fuel mixture, kinetic interactions (e.g., between ethanol and hydrocarbon radical pools)
can introduce complexity not captured by simply combining two separate mechanisms. The absence
of blend-specific reduced models or validation is a gap, indicating that future research should test
whether ethanol mechanisms remain accurate when other fuel components are present. Similarly,
while ethanol tends to produce less soot than heavier hydrocarbons, diffusion flames of ethanol
(especially with additives or at high pressure) can still form soot. A number of reduced mechanisms,
however, do not include larger soot precursor species (C=3 molecules, PAH pathways) since those
dramatically increase mechanism size. For example, the skeletal mechanism by Millan-Merino et al.
had to exclude certain soot precursor pathways (like benzene formation) and showed some
inaccuracy in predicting intermediates such as C;H,, C;H, that are important for soot nucleation[23].
Consequently, using such a mechanism in a sooting flame simulation would likely underpredict soot
unless augmented. This highlights a general limitation: reduced kinetic models often prioritize
reproducing global flame properties (ignition timing, flame speed, etc.) at the expense of detailed
species like NOx or PAHs. The current literature lacks a truly comprehensive reduced mechanism
that covers fuel oxidation and emissions formation with equal fidelity. Addressing this will be
challenging, as it requires integrating disparate reaction subsets (fuel chemistry, NOXx, soot) while
still keeping the mechanism tractable. Nevertheless, recognizing these gaps is the first step toward
guiding future mechanism development to be more holistic.

Toward Improved Biofuel Combustion Modeling

Looking ahead, the continued evolution of reduction methods and validation practices is poised
to significantly improve the modeling of ethanol and other biofuels. One promising direction is the
incorporation of advanced machine-learning techniques not just to reduce mechanisms, but to adapt
them on the fly. The success of ANN-based reduction in ethanol flames [63] and the impressive
performance of on-line trained ANN surrogates in accelerating combustion DNS [63] suggest that Al
can serve as a powerful tool in combustion kinetics. As computational power grows, we may see
hybrid approaches where a base skeletal mechanism is dynamically augmented by an ANN or other
surrogate model in regions of the flame where extra fidelity is needed. This could allow efficient
handling of extensive chemistry (for example, turning on a detailed NOx sub-mechanism only in
high-temperature zones of a flame, with an ANN predicting it elsewhere). Moreover, emerging
algorithms for mechanism generation — such as automated optimizations that produce skeletal
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mechanisms from a large detailed model by solving multi-objective criteria — will likely yield more
robust reduced mechanisms. The ethanol mechanism by Olm et al. (ELTE) created via a hierarchical
optimization is one example of how algorithm-driven design can produce a mechanism with broad
accuracy [59]. Future efforts may build on this by including additional targets (e.g., optimizing not
only for ignition and flame speed, but also for emissions or extinction limits), thereby producing
“third-generation” reduced mechanisms that are both compact and comprehensive in their validity.

On the validation front, there is a clear trend toward more rigorous and diverse testing of
mechanisms, which will bolster confidence in their use for biofuel applications. In recent literature
we see studies validating mechanisms against multiple benchmarks — ignition delays, flame speeds,
species profiles in burners, and even 2D/3D flame dynamics — rather than a single metric. Such multi-
faceted validation helps ensure that a reduced mechanism is not over-fitted to one scenario. For
ethanol, the work of Millan-Merino et al. exemplifies this integrated validation approach: their
skeletal and reduced schemes were shown to match experimental data for autoignition, premixed
flame speeds, counterflow diffusion flame structure, and extinction limits [59]. Adopting this practice
broadly will mean that new mechanisms are vetted in conditions reflecting real engines and
combustors (including turbulent and high-pressure flames, as discussed). We also anticipate that
more systematic comparisons between mechanisms will emerge — for instance, benchmarking all
available ethanol mechanisms on a standard set of diffusion flame test cases. This could be facilitated
by open-access kinetic model libraries and advanced simulation platforms, making it easier for
researchers to pick the best mechanism for their needs and to identify where improvements are still
required.

Finally, the implications for biofuel combustion modeling are substantial. With more reliable
reduced mechanisms, engineers can incorporate detailed chemistry of biofuels like ethanol into CFD
simulations of engines, turbines, and flares without incurring prohibitive costs. Improved
mechanisms that account for pollutant formation will enable predictive modeling of emissions (NOx,
soot) from biofuel combustion, directly informing designs that meet environmental regulations. As
ethanol is often touted for cleaner combustion, having models that accurately simulate its soot and
NOx output is crucial for quantitatively confirming those benefits. Furthermore, lessons learned from
ethanol mechanism reduction are transferrable to other biofuels (e.g., biobutanol, biodiesel). The
development of efficient reduction methodologies — whether ANN-based, algorithmic, or hybrid —
can be extended to create reduced kinetic models for a whole range of sustainable fuels, fostering a
more rapid integration of biofuels into practical use. In essence, the convergence of smarter reduction
techniques and more comprehensive validation is moving us toward a future where combustion
models can be both computationally efficient and chemically faithful. This will greatly assist in
designing the next generation of clean combustion systems. The following concluding section will
synthesize these insights, emphasizing the key advances and remaining needs for reduced ethanol
mechanisms, and outline recommendations for researchers moving forward [59] [61].

Concluding Remarks

This scoping review reveals a diverse array of reduced kinetic mechanisms for ethanol diffusion
flames, spanning from conventional graph-based and sensitivity analysis approaches to modern Al-
assisted techniques. These efforts have yielded skeletal models that retain essential chemistry while
enabling faster simulations, and validation is now extending beyond laminar flames to turbulent jet
and pool fire conditions. Such progress demonstrates that optimized reduced mechanisms can
perform reliably in complex, real-world combustion scenarios, bolstering confidence in their use for
practical applications like engine CFD modeling, fire safety analysis, and emissions prediction.

Nonetheless, critical gaps remain. Many reduced models still omit NOx chemistry, and few have
been rigorously tested under high-pressure, spray-flame conditions representative of engines.
Furthermore, no single “standard” mechanism exists for ethanol diffusion flames, as each study
typically adopts its own tailored scheme. Addressing these deficiencies is a clear call to action: future
efforts should integrate pollutant pathways, expand validation to high-pressure spray flames, and
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move toward mechanism standardization. By leveraging advanced reduction tools and collaborative
benchmarking, the community can develop next-generation ethanol mechanisms that are both
computationally efficient and chemically comprehensive, thereby accelerating the deployment of
ethanol and other biofuels in cleaner combustion systems.
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