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76801 Saint-Etienne-du-Rouvray, France

Abstract

The simulation of turbulent flames fully resolving the smallest flow scales and the thinnest reaction zones goes
along with specific requirements, which are discussed from dimensionless numbers useful to introduce the generic
context in which direct numerical simulation (DNS) of turbulent flames is performed. Starting from this basis,
the evolution of the DNS landscape over the past five years is reviewed. It is found that the flow geometries, the
focus of the studies and the overall motivations for performing DNS have broadened, making DNS a standard
tool in numerical turbulent combustion. Along these lines, the emerging DNS of laboratory burners for turbulent
flame modeling development is discussed and illustrated from DNS imbedded in Large Eddy Simulation (LES)
and flow resolved simulation of bluff-body flames. The literature shows that DNS generated databases constitute
a fantastic playground for developing and testing a large spectrum of promising machine learning methods for the
control and the optimisation of combustion systems, including novel numerical approaches based on the training
of neural networks and which can be evaluated in DNS free from sub-model artefacts. The so-called quasi-DNS
is also progressively entering the optimisation loop of combustion systems, with the application of techniques
to downsize real combustion devices in order to perform fully resolved simulations of their complex geometries.
An example of such study leading to the improvement of an incinerator efficiency is reported. Finally, numbers
are given relative to the carbon footprint of the generation of DNS databases, motivating the crucial need for
community building around database sharing.
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1. Introduction

The concept of Direct Numerical Simulation
(DNS) was first introduced by Orszag back in the
70’s [1]. The objective at that time was to access
emerging theories on flow turbulence from fully re-
solved space and time solutions of the first principle
equations describing incompressible, isotropic and
homogeneous turbulence. Early in the 80’s, DNS was
extended to scalar transport [2, 3] considering various
shear flows, such as turbulent mixing layers and wall
bounded flows. DNS then became a useful tool to
discuss and to calibrate numerical models in view of
their application to flows of engineering interest [4].

Chemical reactions were introduced in constant
density DNS during the same period [5–7]. The gap
to reach direct numerical simulation of combustion
and flames was closed in the early 90’s by accounting
for all the effects induced by heat release and vari-
able density, first with global chemical schemes [8–
10] and then including detailed chemistry [11]. Car-
rier phase DNS, in which the flow is fully resolved
only in the far field of liquid or solid fuels represented
by lagrangian source points, was introduced right af-
ter for fuel spray [12–14] and more recently for solid
fuel combustion [15].

Since the 90’s, the archival literature on combus-
tion DNS has flourished; this paper focusses on the
most recent years, i.e., between 2017 and 2022.

Combustion DNS can be classified in terms of the
level of complexity retained for both, the descrip-
tion of the reacting flow physics and the geometry
of the problem considered. Thermodynamics and
momentum are fully coupled in compressible DNS
and weakly coupled in the variable density low Mach
number framework [16]. Simple or complex multi-
component molecular-transport properties [17] have
been used in both formulations, the same for chem-
istry from single-step up to fully detailed mecha-
nisms [18]. Adaptive mesh refinement also played a
key role in the progress of DNS [19, 20]. The most ad-
vanced DNS have considered laboratory flames with
high-order fully compressible numerics [21] (Fig. 1).

Originally, specific spectral numerical methods
were developed to secure the simulation of turbulence
free from numerical artefact [22]. Spectral meth-
ods implies periodic boundary conditions and con-
stant density fluid. Thereby to tackle canonical prob-
lems more representative of turbulent flames, the use
of compact discretizations with spectral like resolu-
tion [23] and able to handle all kinds of boundary con-
ditions [24–26] became popular in combustion DNS.
Still, these numerical schemes are difficult to apply
away from geometries involving simplified free shear
flows (Fig. 2 and 3). With the rapid progress in com-
puting power and the availability of numerous mul-
ticomponent low-order accurate finite-volume flow
solvers, simulations of laboratory burners attempting
to fully resolve the smallest velocity and scalar scales
have emerged. Because most numerical methods do
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Fig. 4. Instantaneous contours of (a) the progress variable and (b) its reaction rate based on different definitions. The maximum progress variable reaction rate in these plots 
is 560, 1290, 400, and 670 kg/m 3 •s for O 2 , CH 4 , CO 2 and H 2 O, respectively. 
This is because CH 4 is consumed completely in the fuel consump- 
tion zone and its reaction in the oxidation zone is negligible. The 
instantaneous flame fronts based on different species are almost 
identical as expected, as they are selected according to the loca- 
tions of the maximum heat release rate. The instantaneous dis- 
tributions of the progress variable reaction rate, ˙ ω c , are shown in 
Fig. 4 b. It is readily observed that ˙ ω c varies locally in space. The 
distribution of ˙ ω c also varies between different species. For exam- 
ple, CH 4 burns more intensively in a narrower region. This is due 
to the different chemical pathways of different species. Next, this 
variation is further quantified. 

In the present study, a local analysis of the stretch factor, I 0 ( x ), 
is performed. By assuming a local balance between the consump- 
tion of reactants and turbulent flame propagation in each y–z 
plane, the turbulent burning speed S T ( x ) is defined as: 
S T (x ) = ∫ ∫ ˙ ω c (x, y, z) d yd z"x 

ρu A L ( x ) , (2) 
where A L ( x ) is the unwrinkled flame area at the axial location x , 
which is determined by A L (x ) = 2 π r (x ) √ 

1 + r ′ 2 "x , where r (x ) is 
the distance of the mean flame front to the centreline and r ′ is 
d r/d x . Finally, the local stretch factor is written as: 
I 0 (x ) = S T (x ) 

S L A ′ (x ) = S T (x ) 
S L A L (x ) 

A T (x ) , (3) 
where A T ( x ) is the wrinkled flame area at the axial location x com- 
puted through triangulation of the instantaneous flame front, com- 
puting the area of each triangle at this location, and summing all 
of the triangular areas. In the following analyses, time averaging 
is applied over all snapshots ( ∼400) to provide converged statis- 
tics. The results for I 0 , A’ and S T /S L with O 2 as the progress vari- 
able defining species are shown in Fig. 5 a. It is seen that I 0 is be- 
low unity throughout the domain, indicating that the burning rate 
of the turbulent flame per unit area is always less than that of 
the unstrained laminar premixed flame. The evolution of I 0 sug- 
gests that the burning rate is considerably reduced in the near field 
and approaches its minimum value at x /D = 8. Downstream, the 
stretch factor gradually increases, consistent with the observations 
in Fig. 1 . Near the inlet, the flame front is essentially flat and the 

turbulent flame area ratio, A’ , is close to unity. As the flame de- 
velops, A’ increases progressively until the flame tip. It should be 
noted although A’ increases monotonically with downstream dis- 
tance, the turbulent flame area, A T (not shown), exhibits its max- 
imum value at x /D = 24, after which it decreases due to flame 
annihilation. Comparing the present results to those in the liter- 
ature, stretch factors less than unity were inferred in the DNS of 
high Ka premixed flames in isotropic turbulence by Lapointe et al . 
[33] , but they are still higher than the current DNS results, due to 
the absence of mean shear. The stretch factor was also found to 
be higher in DNS of temporally evolving lean hydrogen–air slot- 
jet flames [37] , in which the mean shear was comparable to the 
current DNS. However, the fuel was hydrogen, which has a differ- 
ent response to stretch than methane, and the Ka were lower for 
the flames there. The spatial variations of stretch factor were also 
studied in DNS of spatially developing lean methane–air slot-jet 
flames [36] . Consistent with the present work, the stretch factor 
was found to be smaller in the near field and became larger than 
unity in the far field. The stretch factor in Ref. [36] is still higher 
than the current result, which is probably because the mean shear 
was weaker than that in the present flame. Based on the above 
discussion, it can be inferred that both small scale turbulence and 
mean shear can affect the stretch factor. Their importance on the 
flame structure will be further investigated in the next section. 

In low Ka conditions, it is expected that values of I 0 , A’ , and 
S T / S L would be insensitive to the choice of the species defining the 
progress variable [52] ; however this is not necessarily the case at 
high Ka. Differences in the evolution of the flame dynamics can 
be expected when the progress variable is defined based on differ- 
ent species due to differences in the turbulence/species interaction 
and species reactivity (and perhaps diffusivity). The evolution of 
I 0 , A’ , and S T / S L for the progress variable definitions based on CH 4 , 
CO 2 and H 2 O, respectively, is shown in Fig. 5 b–d. It is seen that A’ 
evolves similarly for all the cases. However, the evolution of I 0 is 
different. In particular, Fig. 5 c indicates that I 0 based on CO 2 near 
x /D = 8 is close to zero, implying that the reaction rate of CO 2 is 
negligible. Note that CO 2 is predominantly produced in the oxida- 
tion layer through the reaction CO + OH ⇔ CO 2 + H (R94). The near- 
zero stretch factor is consistent with the weakening/quenching of 
the oxidation layer in that region. In contrast, the stretch factors 

Fig. 1: Progress variable distribution based on different def-
initions in DNS of a high Karlovitz CH4/Air premixed jet
flame. Reprinted with permission [21].

not exactly secure the correct turbulent kinetic energy
transfer between the largest and the smallest scales,
these simulations are sometimes called, quasi-DNS
or flame resolved-DNS [27]. Quasi-DNS was de-
fined in [28] as ‘a model-free simulation which does
not fulfill all of the strict requirements of a DNS,
e.g. for complex geometries which do not allow the
use of higher order discretization schemes, but is ac-
curate enough so that the results of a full DNS are
expected to be similar’. (In the first occurrence of
quasi-DNS back twenty years ago [29], the resolution
was below twice the Kolmogorov scale.) The effect
of spurious numerical dissipation in such quasi-DNS
needs to be carefully calibrated [30]. The wording
flame resolved-DNS indicates that no compromise is
present on the description of the flame structure. In-
terestingly, these simulations have been found valu-
able because they allow to bridge between the in-
vestigation of turbulent flames in the lab and on the
computer. Going further along these lines, after per-
forming proper rescaling of the physical parameters at
play, quasi-DNS of downsized real geometries of re-
active flow systems have been reported and exploited
for furnace design [31].

Ultimately, it is likely that finite-volume high-order
spectral element based methods [34], now widely ap-
plied to DNS of non-reacting and reacting flows [35,
36], will become a standard to perform numerically
reliable fully resolved simulations in geometries fea-
turing many properties of real combustion systems.

DNS is motivated by a variety of quests in combus-
tion science. The objective of evaluating the predic-
tion capabilities of turbulent combustion models for
Reynolds Averaged Navier-Stokes (RANS) calcula-
tions or Large Eddy Simulation (LES) is usually put
forward. DNS is indeed an ideal test-bed for assessing
modeling hypotheses, specifically because DNS in
canonical configurations enables extensive paramet-
ric studies. In practice, not all the closures directly is-
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Fig. 1. The contour and green isosurface, respectively, 
show the temperature !eld and Z st isosurface of the MAD 
model when the jet becomes fully turbulent. The bound- 
ary conditions in stream-wise ( x ), span-wise ( z ) and cross- 
wise directions ( y ) are indicated. 
H 0 , the initial velocity difference !U 0 = U fuel −
U ox , and the cold "ow kinematic viscosity νfuel of 
the pure fuel stream. The reference jet time t ref = 
H 0 / !U 0 , and the jet Reynolds number Re jet = 
!U 0 H 0 /νfuel ≈ 5000 . More details of the numeri- 
cal procedure are described in [21–23] . Unless oth- 
erwise speci!ed, the two jet "ames are investigated 
at t/t ref = 30 in the following, as strong interaction 
between the chemistry and the fully developed de- 
caying turbulence is present at this timestep. 
2.2. Mixture fraction 

The general mixture fraction, ξ , can be de!ned 
in terms of the coupling functions β as ξ = (β −
β2 ) / (β1 − β2 ) [24] , where subscripts 1 and 2 repre- 
sent the fuel and oxidizer streams, respectively. The 
coupling function β is de!ned as 
β = N e ∑ 

e =1 γe Z e = N e ∑ 
e =1 γe N s ∑ 

i=1 αe,i Y i (1) 
where γ e are weighting factors, αe,i the mass of 
the element e in the i th species, and Y i the species 
mass fraction. In this work, Bilger’s de!nition [15] , 
i.e. γH = 0 . 5 /W H and γO = −1 /W O , will be used, 
where W H and W O represent the atomic weights of 
H and O. An equation for Bilger mixture fraction 
Z Bilger can be written as 
ρ

D 
Dt Z Bilger = −1 

β1 − β2 
N e ∑ 

e =1 γe N s ∑ 
i=1 αe,i ∇ · j i (2) 

where ρ is the mixture density. D ( · )/ Dt and j i de- 
note the substantial derivative and the i th species 
diffusion "ux, respectively. Under the assumption 
that j i = −ρD i ∇Y i and ULD, i.e. D i = D th , Bilger 
mixture fraction Z Bilger would be identical to the 

Fig. 2. Schematic of "ame-normal ( j norm 
i ) and "ame- 

tangential ( j TD 
i ) diffusion "uxes of the i th species on 

the Z st isoline (green line). The unit vector n de- 
notes the Z -gradient direction. The angle between Z 
and Y i is indicated by θ , which is de!ned as θ = 
arccos ( ∇ Z · ∇ Y i / (|∇ Z||∇ Y i | ) ) . 
classical mixture fraction Z governed by 
ρ

DZ 
Dt = ∇ · (ρD i ∇Z) (3) 

where D i and D th represent mass and thermal dif- 
fusion coef!cients, respectively. The difference be- 
tween Eqs. (2) and (3) only results from DD effects. 
It is noted that Z is treated as a conserved scalar and 
that Z Bilger is a non-conserved scalar due to DD. 

In this work, we de!ne a DD parameter δZ 
as δZ = Z − Z Bilger , and the misalignment be- 
tween Z and Z Bilger is characterized by the angle 
θ (Z, Z Bilger ) = arccos (∇ Z · ∇ Z Bilger / (| Z|| Z Bilger | ) ). 
For the ULD model, δZ = 0 and θ (Z, Z Bilger ) = 0 . 
It should be mentioned that there is no essential 
difference between the current DD parameter δZ 
and that in previous work [2] where the source term 
of δZ was employed. Both de!nitions can account 
for the difference between Z and Z Bilger due to 
DD. However, the ability of δZ to capture close 
coupling between DD and local chemical reactions 
is not well investigated, which will be discussed in 
Section 3 . 
2.3. Tangential diffusion 

A non-premixed "amelet represents a gradient 
trajectory of the mixture fraction Z !eld [12,25,26] . 
In the "amelet space, the transport of a reactive 
scalar φ (e.g. Y i and T ) consists of "ame-normal 
transport along the Z -gradient direction and 
"ame-tangential transport on the Z isosurfaces, as 
shown in Fig. 2 . Tangential diffusion ( TD ) effects 
arise from the change in the scalar dissipation rate 
(SDR) along the Z isosurfaces, which may result in 
the presence of signi!cant gradients of species mass 
fractions and temperature on the Z isosurfaces. The 
classical one-dimensional "amelet models [12] were 

Fig. 2: Three-dimensional direct numerical simulations of
temporally evolving turbulent H2 jet flames. Green: Stoi-
chiometric iso-surface. Contour: Temperature. Reprinted
with permission [32].
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fraction and fuel mass fraction gradients (i.e. the mixture fraction and fuel mass fractions 
iso-surface curvatures and the scalar dissipation rate), as well as the topology of the edge 
flame. Figure 4 illustrates the temporal evolution of the kernel development by showing 
both the stoichiometric mixture fraction and T+ = 0.6 iso-surfaces for different turbulence 
intensities.

A triple flame is found along the intersection between these two iso-surface, that vis-
ibly drives the kernel growth under laminar conditions. For the case D00u00, the ! = !st 
iso-surface remains unchanged in time whereas the volume defined by the temperature iso-
surface increases in time. The growth rate is particularly pronounced along the ! = !st iso-
surface compared with the relatively limited expansion of the kernel in the direction of 
the mixture fraction gradient, where mixtures outside the flammability range are encoun-
tered. This highlights the key role played by the triple flame propagation in the kernel 
development.

Under turbulent conditions (i.e. cases D00u04 and D00u08), the ! = !st iso-surface gets 
significantly deformed and wrinkled by the fluid motion which visibly impedes the edge 
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Fig. 4  Temporal evolution of the (blue) ! = !st and (red) T+ = 0.6 iso-surfaces for (top to bottom) D00u00, 
D00u04 and D00u08 cases at time (left to right) t+ = 7, 14 and 21. Note that the fuel-rich regions ( ! ⩾ !st ) 
are found for x+ ⩽ 0 while fuel-lean regions ( ! ⩽ !st ) are found for x+ ⩾ 0

Fig. 3: Time evolution of an igniting kernel in isotropic tur-
bulence, study of the effect of biogas composittion. Blue:
Stoichiometric iso-surface. Red: Temperature (60% of max
level). Reprinted with permission [33].

sued from DNS databases have found their way in en-
gineering software. This may be partially the result of
the low-Reynolds number character of many of these
simulations. In practice, the turbulence integral length
scale is of the order of the flame thickness in DNS, so
missing part of the multi-scale flame/turbulence inter-
actions. Also the so-called a-priori tests, where mod-
els are tested from exact (DNS) and frozen values of
their input parameters, cannot always allow for reach-
ing definitive conclusions, because is missing the po-
tential error accumulation and error compensation ex-
isting when iterating the statistical models over time.

In fact, it is in the analysis of the detail of the
flame physics that DNS has been the most success-
ful, specifically when those details cannot be reached

by the most advanced experimental tools. The be-
haviors of thermochemical quantities and scalars in
flames [37–39] and constitutive relations to calibrate
different flame dynamics [40–43], can easily be iden-
tified from DNS. In short, DNS has been shown to
be a valuable tool when the roadmap is driven by
clear reacting flow physics stumbling block needed
clarifications, as shown in recent reviews on the sub-
ject [18, 44–48].

The number of published gaseous flame DNS ar-
ticles in the combustion journals grew linearly (of
about 80 between 2007-2011, 140 between 2012-
2016 and 200 between 2017-2021). They have been
devoted to fully premixed flames [21, 27, 37, 38, 41–
43, 49–75, 75–190], non-premixed and multi-regimes
combustion [32, 46, 191–219]. The high Karlovitz
regime benefits from a growing interest [21, 37, 38,
41–43, 50, 60, 67, 69, 82, 103, 104, 106, 141, 144,
154, 162, 167, 170, 174, 186, 187, 190, 220]. Some
of these simulations are with single- or two-step
global chemistry [76, 85, 87, 93, 99, 103, 112, 115,
128, 129, 144, 145, 161, 221]. The chemistry of
methane has motivated many works [21, 27, 41,
42, 50, 52, 54, 56, 61, 62, 68, 74, 77, 82, 84, 88–
90, 92, 93, 96, 97, 101, 103, 107, 110, 113, 114, 118,
119, 123, 133, 134, 138, 145, 155, 156, 163, 169,
176, 182, 184, 189, 207, 211, 217, 220, 222, 223],
also hydrogen [32, 38, 43, 60, 69, 70, 78, 79, 81, 90,
95, 97–99, 102, 105, 106, 109, 117, 120, 124, 126,
127, 129, 132, 136, 154, 160, 171, 172, 174, 181–
183, 185, 193, 195, 204, 209, 214, 218, 224–229],
heavy fuel [37, 38, 53, 66, 88, 100, 108, 140, 145,
151, 162, 170, 180, 197, 203, 221, 230–232], syn-
gas [66, 114, 166, 181, 212, 215, 216] and very re-
cently ammonia [97]. Models were discussed from
DNS within RANS [64, 112, 113, 128, 189, 233] and
LES context [32, 37, 46, 51, 65, 67, 77, 94, 103, 112,
119, 123, 140, 143, 149, 157, 163, 164, 166, 167, 169,
173, 179, 187, 190, 193, 195, 197, 203, 210, 212, 213,
221, 222, 233–237]. Finally, DNS for machine learn-
ing related method is rapidly emerging [51, 110, 139,
140, 146, 173, 175, 186, 215, 216, 222, 234].

These works have been produced using DNS
softwares which are lab-developped or commu-
nity codes often shared between different teams
worldwide, such as SENGA [238], S3D [239],
DINO [240], FK3 [241], KARFS [242], PsiPhi [243],
HOLOMAC [244], NGA [245], AVBP [246],
Nek5000 [247] or OpenFoam [248]. Some of these
codes are either high-order accurate in space, ranging
from 6th to 10th order (SENGA, DINO, S3D, FK3,
KARFS, HOLOMAC), Nek5000 (spectral elements),
or 4th or even 2nd order (NGA, PsiPhi, AVBP, Open-
Foam).

The paper is organised as followed. The resolu-
tion requirements for DNS are discussed first. Then,
two recent DNS of laboratory burners, based either on
an DNS imbedded in LES approach or on a full res-
olution of the turbulent flame, are presented. These
DNS configurations are of interest because they have
been complemented by a-posteriori LES studies. Af-
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ter that, the role of DNS as one of the ingredient in
the development of machine learning for combustion
simulation is addressed. Given the limitations of DNS
already discussed, an alternative approach to canon-
ical geometries is discussed, which is based on the
downsizing of real combustion system geometries. Its
application to selective non-catalytic reduction of ni-
tric oxides is shown, with an exemple of improvement
of a real industrial furnace from DNS. Before con-
cluding, the cost of DNS is examined in the light of
its carbon footprint.

2. Resolution requirements for combustion DNS
DNS meshes are calibrated to secure the full res-

olution of the smallest turbulent flow scales and of
the thinnest reaction zones. The strength of the turbu-
lence is characterised by the turbulent Reynolds num-
ber

ReT =
k1/2`T
ν

≈
(
`T
ηk

)4/3

, (1)

where ν is the kinematic viscosity of the gas,
〈ρ〉 k = 0.5 〈ρuiui〉 − 0.5 〈ρui〉 〈ρui〉 / 〈ρ〉 is the
turbulent kinetic energy per unit of volume, where 〈 · 〉
denotes Reynolds averaging. ρ is the density, `T is the
integral length scale of the fluctuating field and ηk is
the Kolmogorov characteristic length of the smallest
dissipative eddies. It was demonstrated that a mesh
resolutions of h = 2ηk is sufficient for capturing
the dissipative range [249]. For simulating a three-
dimensional turbulence covering a volume V = L3

o,
the number of grid points scales as

N =

(
Lo
2ηk

)3

=

(
Lo
2`T

)3

Re
9/4
T . (2)

ReT in a representative swirl burner gas turbine is of
the order of 1500, with an integral length scale of the
order of 5 mm [250]. Then, to resolve 103 cm3 of
shear layer, more than 10 billon mesh points are re-
quired.

The reaction zone brings additional length and time
scales associated to the Damköhler and the Karlovitz
numbers,

Da =
τT
τc
≈ 1

τc

k

ε
, (3)

Ka =
τc
τk
≈ τc

( ε
ν

)1/2

, (4)

Da×Ka ≈ Re
1/2
T , (5)

where τc is an estimation of the chemical time, τT is
the integral turbulent time and τk is the small-scale
(Kolmogorov) turbulence time scale.

In terms of mesh requirement, (2) and (5) provide

N =

(
Lo
2`T

)3

Da×Ka×Re7/4
T . (6)

Major limitations of DNS emerge from this rela-
tion. To keep N at a practical level, the Damköhler,

Karlovitz and turbulent Reynolds numbers cannot be
simultaneously too large. In addition, the number
Lo/`T of integral length scales that will be contained
in the computational domain is also a limiting factor.

In canonical geometry DNS, such as planar
flames interacting with homogeneous or shear turbu-
lence [37, 136], it is usually ReT that is put forward
with Lo ' `T , i.e., the computational domain span-
ning only a few integral length scales. These DNS
are valuable to study the impact of small scales tur-
bulence on the reaction zones, however with a very
limited spectrum of flame wrinkling lengths.

In turbulent flames of the real world, according
to the relation (5), at very high Reynolds numbers
(ReT → ∞), chemistry can still be fast (Da→ ∞),
as long as the chemical time scale is shorter than
the shortest of the flow time scales, i.e. the ampli-
tude of Ka stays moderate. It is usually believed that
most practical combustion systems operate under this
regime [251]. Equation (6) suggests that the explo-
ration of high Da and Ka regimes by DNS is limited
by the number of mesh cells which can be accommo-
dated. For instance, at a fixed value of Da at which
combustion occurs, ReT ≈ Ka2 and increasing the
Karlovitz number by a factor α would mean increas-
ing the turbulent Reynolds number by a factor α2,
which cannot always be achieved because of the lim-
itation brought by (6). In the practice of most DNS,
when Ka increases, Da decreases or ReT takes very
moderate values.

These limitations all come down to N × neq, with
neq the number of equations to be solved, which
grows linearly with the number of chemical species
included in the simulation. However, because de-
tailed chemistry goes with an increased stiffness of
the system, the CPU cost does not simply scale lin-
early with the number of species. DNS with sim-
plified chemistry can then potentially reach higher
Reynolds and Karlovitz numbers than those with fully
detailed chemistry, or at least allow for a more sys-
tematic investigation of parameter ranges.

In the end, a compromise must be achieved be-
tween embarking into huge computing efforts, to ap-
proach realistic values of the turbulent combustion
characteristic numbers, or providing more modest
but databases easier to handle. Indeed, the litera-
ture shows that very large databases may be less suc-
cessful than smaller ones in terms of number of re-
search groups probing them for flow physics analysis
or modeling development.

3. DNS of laboratory burners

3.1. DNS imbedded in LES
To limit the CPU cost necessary to simultaneously

resolve the development of the turbulent shear layers
driven by the velocity gradients at the largest scales,
and, the downstream interaction of the flame with the
velocity fluctuations, in many DNS synthetic veloc-
ity fluctuations are imposed to flames. The advan-
tage is a careful control of the characteristic velocity
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Fig. 4: Three LES-DNS zones of the jet-flame simulation. Mesh and iso-progress variable c = 0.8. h denotes the mesh
resolution. Reprinted with permission [252]

scales and of the energetic spectrum of the fluctua-
tions. However, the evolutions in space and time of
the velocity field seen by the flame may strongly dif-
fer from those observed in real burners.

DNS imbedded in LES was recently proposed to
overcome this limitation [77], keeping the comput-
ing effort to a reasonable level (the same low dissipa-
tive numerical discretisation is used for both LES and
DNS). The development of the rolling up of the shear
layers in a jet flame is simulated from the burner exit
applying well resolved LES, including sub-grid scale
models for the flame and the flow. The resolution of
this LES zone must be sufficient to resolve a signif-
icant part of the large-scale flame wrinkling. Then,
at a given streamwise location, the mesh is refined
over a distance which allows for the turbulence to de-
velop, with the full spectrum of velocity and scalar
scales resolved. The streamwise distance over which
DNS is performed must be calibrated so that the tur-
bulence/chemistry interaction has time to be fully es-
tablished. In premixed flames, this can be done for
instance using scaling laws derived from first princi-
ples for the dynamics of δT , the flame brush thick-
ness [253]. Starting from δT (to) within a turbulence
featuring `T and τT as turbulent integral length and

time scales, respectively,

δ2
T (t) ≈ b22`

2
T (1− exp(−Cs(t− to)/τT ))

+ δ2
T (to) exp(−Cs(t− to)/τT ) , (7)

with b2 = 1.78 [253]. Because Cs ≈ 2 [254], the
mean turbulent flame brush adjusts to turbulence with
a characteristic time of the order of half the eddy
turnover time (b2 = 1.78). In the LES imbedded
DNS shown in Fig. 4, the eddy turn over time is of the
order of 1.13 ms at the start of the DNS zone for a res-
idence time in the refined mesh of the order of 2 ms.
This premixed jet-flame configuration retained was
studied experimentally [255]. The bunsen burner fea-
tures a nozzle diameter of D = 12 mm. The Reynolds
number of the case considered is 24,000, correspond-
ing to a mean nozzle velocity of 30 m/s and a level
of turbulent kinetic energy of 3.82 m2/s2. The LES
mesh contains about 171 million nodes covering a do-
main of 16D×8D×8D, with a resolution of the order
of 150 µm. The embedded DNS box located at 4.5D
from the nozzle contains 28.58 million nodes, cov-
ering a physical domain of 12mm×18mm×18mm,
with a fixed resolution of 50µm. The flame thermal
thickness estimated from the progress variable field is
of the order of δL ≈ 400µm and the Kolmogorov
scale reported from experiments is of the order of
50µm in this zone. Downstream of the DNS, the sim-
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ulation resumes to LES. Chemistry is tabulated with
premixed flamelet (GRI-3.0 mechanism [256] and
progress variable [257]) for both LES and DNS. A
presumed filtered density probability function [258]
is used to account for the unresolved fluctuations of
progress variable in the LES zones and the SGS mo-
mentum fluxes are modeled [259].

This database was explored first to elucidate
the interlinks between scalar fields geometries at
small-scales and the variable density flow dynam-
ics, decomposed into four regions (fresh reac-
tants/preheat/burning/hot products). The objective
was to progress in micro-mixing modeling based on
flow topologies [39, 260]. The prevalence of concave
geometries towards the fresh reactants was reported
in front of the burning region, while convex structures
are more probable in the hot products.

Probing such DNS also promoted discussions
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H2×100. Blue: OH×75. Right: Blue: O2. Green: CH4.
Red: H2O. Black: CO2. Reprinted with permission [77].

on the links between the well-established IEM (or
EMST) [261] micro-mixing model

Dφ∇2φ(x, t) ≈ φ(x, t)− φ(x, t)

τT
, (8)

and its backward application to deconvolute (or ‘un-
mix’) the LES scalar field within the sub-grid scale
with a characteristic time τT = ∆2/(24Dφ) (∆ is
the LES filter size and Dc the molecular diffusion
coefficient). This corresponds in fact to an implicit
formulation of a truncated expansion of the Gaussian
filter,

φ(x, t) = L̃−1
∆ (φ) = φ(x, t)− ∆2

24
∇2φ(x, t) .

In LES sub-grid scale modeling, the approximated
and deconvoluted scalar field can be used to compute
the non-linear terms, which are then explicitly filtered
to then advance the solution in time. Iterative decon-
volution approaches and other based on the training of
neural networks have also been discussed from other
DNS flame configurations [262–266].

The conditional mean on the SGS flame wrin-
kling (Ξ(x, t) = |∇c|/|∇c|) of the normalised de-
parture between the progress variable from DNS and
its estimation from a one-dimensional flamelet tab-
ulated deconvolution (see Fig. 7 for the test proce-
dure) is shown in Figure 5 along with the distribution
of Ξ(x, t) for ∆ = 1.50δL. As expected, the peak
of SGS flame wrinkling occurs preferentially in the
highly curved flame zones, while the error brought
by 1D-flamelet deconvolution grows with Ξ. Interest-
ingly, for every filter size (0.75 < ∆/δL < 3), there
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is a threshold value of Ξ, above which this error stays
almost constant.

Such modeling concepts can be tested and im-
mediately evaluated making the mesh coarser in the
DNS zone to switch to LES (170µm < ∆ <
640µm). This allows for correlating the exact source
of weaknesses of modeling, observed in a-priori tests,
with the statistical results obtained applying the clo-
sures. Figure 6(b) displays the averaged results.
Flamelet-based deconvolution indeed overestimates
the consumptions of CH4 and O2, which is less pro-
nounced in Fig. 6(a), with three-dimensional decon-
volution [268]. The overestimation of CO is also en-
hanced with one-dimensional tabulated flame decon-
volution.

This DNS embedded LES was also used to train
convolutional neural networks to predict both the fil-
tered progress variable source term ω̇ and the unre-
solved scalar transport terms τDc and τc, respectively
the transport of c by unresolved fluctuations of molec-
ular diffusive flux and momentum,

τD = ρDc(c)∇c− ρDc(c̃)∇c̃ , (9)
τc = ρuc− ρũc̃ , (10)

where u is the velocity vector. The networks are
trained from image-type deep learning (convolu-
tional) to build mapping functions, such that the fil-
tered non-linear terms are expressed through the net-
works from their values computed from the resolved
fields:

ω̇(x, t) = G [ω̇(c̃(x1, t)), · · · , ω̇(c̃(xN , t))] , (11)

where c̃(xj , t) is known from LES, with xj the N
points selected around x to build the input image of
the network (Fig. 8). The LES mesh size to resolve
with n = 5 points the filtered progress variable can
be estimated from

h = (∆/n)
√
π/6 + δ2

L/∆
2 , (12)

where ∆ is the LES filter size [262]. On this ba-
sis, a three-dimensional test-box of size (2h)3 is built

from every of the M = 28.58 million DNS nodes.
This 27-point xj test box centered at x contains
the three-dimensional distributions of ω̇(c̃(xj , t)) and
∇· (ρDc(c̃)∇c̃) (xj , t). These data are stored as the
‘images’ that will be processed by the CNN as shown
in Fig. 8. The ‘labels’ of each i-th image are ω̇[i] =
ω̇(x, t) and ∇· τ [i] = ∇· (τD(x, t)− τc(x, t)) for
i = 1, · · · , NL. Two networks of similar structures
(same number of layers, convolution kernels, etc.)
are trained for the chemical source and for the SGS
fluxes.

Results obtained for the filtered source terms are
shown in Fig. 9. For the filter sizes seen by the neural
networks during training (∆ = 0.3 and 0.9 mm), the
CNN predicts very well the filtered chemical source,
with a good reproduction of the shape expected for
this level of filtering/averaging [269], which is far
from the Arrhenius-type response. Some departure
from the DNS reference value is observed for the un-
trained case, but still much less than with 1D tabulated
flame deconvolution discussed above, where the error
could reach up to 25% for ∆ = 3δL [77]. With neural
networks, the maximum error is of the order of 1% on
the trained database and 16% for the untrained ones.

3.2. Flow resolved simulations of bluff-body flames
The next step is to extend DNS to the full do-

main covered by a laboratory turbulent flame. Fig-
ure 10 shows the 1.6 billion cells simulation [27] of
the Cambridge University and Sandia National Lab-
oratories turbulent lean premixed methane-air bluff-
body burner [270, 271] (Resolution of 100 µm shown
to be about twice the Kolmogorov scale, as expected
in DNS [249], and sufficient to resolve the tabulated
detailed chemistry, see Figs. 3, 4 and 6 in [27].) Sta-
tistical means can then be computed to validate DNS
against measurements, for both velocity and scalars
fields (Fig. 11), before probing the database for fur-
ther analysis.

The testing of combustion models is performed
both a-priori [27] and also a-posteriori, after coars-
ening the mesh for LES [65] of the same burner.
These DNS databases are also useful to revisit tur-
bulent combustion concepts, as for instance combus-
tion regime diagrams [251]. Figure 12 shows that the
combustion regime is not unique in this burner, but
depends on both the position from the burner exit and
the position within the mean turbulent flame brush.
The diagrams for the unburned side of the flame sug-
gest combustion in the thin reaction zone regime.
However, the corrugated flamelets regime is observed
for larger levels of progress of reaction. Some of the
scatter plots are even multi-modal, in line with the
competition between the different levels of turbulence
of the two inlet streams and of the shear layers down-
stream of the bluff body. All these regimes actually
interact to drive the dynamics of the turbulent flame.

The broad range of varying fluctuation levels ob-
served in these DNS is clearly a plus for analysing
the reacting flow physics, because flames in real com-
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Fig. 8: CNN training from DNS, sketch of the database construction. Reprinted with permission [267].
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Fig. 9:
〈
ω̇+ | c̃

〉
conditional mean of the normalised

progress variable source vs c̃. Symbols: DNS reference.
Line: CNN prediction. Reprinted with permission [267].

bustion systems feature a strong multi-scale charac-
ter [272]. Chemistry was tabulated from freely prop-
agating premixed flamelets. It would be valuable to
perform the same DNS with detailed chemistry, to
then evaluate the flamelet manifold hypothesis in situ
(effect of curvature, unsteady strain, etc.).

4. Advancing numerics through machine learning
and DNS

DNS provides unique opportunities to explore ma-
chine learning based approaches [139, 167, 173, 175,

Fig. 10: Contour plot of equivalence ratio in a bluff-body
burner mid-section, superimposed is an iso-surface for a
progress variable value of c = 0.5. Reprinted with per-
mission [27].

264, 273–275] (and multiple references therein). In
addition to neural network modeling already dis-
cussed above (Fig. 9), novel ideas to improve or
speed-up the numerics can be tested, before imple-
menting them in LES or RANS.

Figure 13 shows DNS of a syngas flame interacting
with a cooled wall, which is at the origin of a strat-
egy to reduce by more than an order of magnitude the
CPU time devoted to integration of numerically stiff
detailed chemistry. In this approach [215], artificial
neural networks (ANN) are trained to return the incre-
ments of thermochemical quantities for a large set of
input conditions. This is achieved aside from DNS or
any flow simulation, using a turbulent non-adiabatic
non-premixed micro-mixing based canonical problem
coupled to a reference detailed chemistry. Heat-loss
effects are included in the ANN training. Then, DNS
is performed either with the ANN or with the direct
solution of the stiff chemistry. The ANN chemistry
provides a good agreement with Arrhenius-based de-
tailed and reduced mechanisms (Fig. 14). It is 25
times faster in terms of CPU cost than the detailed
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(a) Streamwise velocity

(b) Temperature

(c) CO mass fraction

Fig. 11: Comparison of statistical mean and RMS at dif-
ferent axial positions against experimental data [270, 271].
Reprinted with permission [27].

mechanism and 3 times faster than the reduced mech-
anism having the same number of species.

DNS is thus also very valuable to test novel numer-
ical procedures. Basic tests can be conducted includ-
ing the transport phenomena to which these numerical
approaches will be coupled during the simulation of
real combustion systems. With DNS, this can be done
excluding the risk of multiple interferences between
numerics and sub-grid scale models, which could po-
tentially interact with the method under evaluation.

5. An alternative approach to canonical reactive
flow DNS: Downsizing of real geometries

The usual approach to simulate three-dimensional
flows in real combustion devices with a limited
amount of grid cells, consists of artificially dissipat-
ing the smallest scales of the turbulence by increasing
the flow viscosity. This is done in proportion to the
turbulent Reynolds number, estimated either from the
turbulence integral length scale (RANS) or from the
cell size (LES). The nature of the fluid is then mod-
ified. An alternative approach based on DNS can be
adopted [31, 276]. It consists of downsizing the sys-
tem length, thus the global Reynolds number of the
flow, instead of modifying the fluid properties. This
second option can be valuable when the turbulence
chemistry interaction at small scales dominates the
progress of the chemical reactions and for turbulent
flows with a large range of length and time scales. It
corresponds to flows which feature a significant reser-
voir of large eddies, as typically large-scale boilers
and furnaces. The simulation cost is mitigated by de-
creasing the residence time after reducing the system
lengths, keeping unchanged the fluid properties, the
bulk flow velocity and the kinetic turbulent energy.

Let us consider lengths scaled by a factor β < 1,
then `? = β`, with ` the length of the real system and
`? its value in the DNS lab-scale model. The mul-
ticomponent flow properties (temperature, pressure,
density, heat capacities, viscosity) are those of the real
fluid. Mass flow rate ratios between inlets and veloc-
ities u? = u are also those of the real system. Hence,
the residence time τR is reduced by β, τ? = βτR.
Doing so, the intensity of the turbulence fluctuations
is left unchanged:

k?
1/2 ≈ `?T

∣∣∣∣∂ũ?∂y?

∣∣∣∣ = β`T

∣∣∣∣ 1β ∂ũ∂y
∣∣∣∣ = k1/2 . (13)

The turbulent Reynolds number is reduced by the fac-
tor β:

Re?T =
k1/2β`T

ν
= βReT , (14)

the Kolmogorov scale is reduced by the factor β1/4:

η?k ≈
`?T

Re?T
3/4

=
β`T

(βReT )3/4
= β1/4ηk , (15)

the dissipation rate is increase by β−1:

ε? ≈ ν3

η?k
4 =

ν3

(β1/4ηk)
4 =

ε

β
. (16)
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Fig. 12: Combustion regime diagrams with the conditioned joint PDFs of the velocity fluctuations normalized by the laminar
flame speed vs the integral lengthscale of the velocity fluctuations normalized by the laminar flame thickness. Uburn: progress
variable c ∈ [0.01, 0.02]; pheat: c ∈ [0.6, 0.8]; reac: max gradient of CH3; bout: c ∈ [0, 8, 0.98]; burned c ∈ [0.98, 0.99].
The inlet conditions for the inner and outer stream are marked by triangles and squares, respectively. The different plots represent
the conditioning on increasing height above the burner from bottom to top and increasing progress of the reaction from left to
right. Reprinted with permission [27].

Fig. 13: Instantaneous iso-surface ofQ criterion predicted by ANN-DNS:Q = 107 s−2, colored by gas temperature. Top graph:
distribution of instantaneous wall temperature along the centreline. Reprinted with permission [215].

The macro- and micro-mixing times become:

τ?T =
k?

ε?
= β

k

ε
= βτT , (17)

τ?k =
( ν
ε?

)1/2

=

(
βν

ε

)1/2

= β1/2τk .(18)

To preserve the Damköhler number of the full-size
system, the chemical time scales should be rescaled
as1: τ?c = βτc,

Da? =
τ?T
τ?c

=
βτT
βτc

= Da . (19)

To preserve the Karlovitz number, a different scaling

1This is easily done by multiplying by β−1 all the pre-
exponential factors of the chemical scheme.

of the chemistry, τ?c = β1/2τc, must be used

Ka? =
τ?c
τ?k

=
τ?c

β1/2τk
=
β1/2τc
β1/2τk

= Ka . (20)

From (19) and (20) a choice must be made between
preserving Da or Ka. In practice, in real combustion
chambers, the two scalings of the chemistry in β or
β1/2 may be related to two asymptotic flow regimes,
which can be identified from a flow length scale and
a scalar length scale:

`(x, t) =
[u(x, t)|
|S(x, t)| , `φ(x, t) =

φmax − φmin

|∇φ| (x, t) ,

(21)
where |S(x, t)| is the magnitude of the deforma-
tion tensor Sij = 0.5[(∂ui/∂xj) + (∂uj/∂xi)].
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When `φ << `, the scalar gradients occur over dis-
tances smaller than flow length scales, indicating a
convective-like mode of the scalar field (i.e. as in a
local plug flow), then a linear scaling of the chemical
time is relevant. In the situations where `φ >> `, the
small scale velocity fluctuations have entered the local
scalar mixing layers, indicating a micro-mixing mode
of the scalar field, then a square root scaling of the
chemical time should be used. A dynamic rescaling
of the chemical time scales that depend on the flow
regime can then be established.

This approach was extended to carrier-phase liq-
uid spray quasi-DNS, in order to preserve the statis-
tical behavior of the liquid within the downsized ver-
sion. After testing it in canonical DNS configurations,
it was applied to an incinerator including a selective
urea-based non-catalytic slow chemistry NOx reduc-
tion (SNCR DeNOx) [31]. This incinerator of about
10 MW is a cylinder of 16.0 m long with a diameter of
4.45 m. Liquid and gaseous flows are injected at the
four axial locations ‘A’, ‘B’, ‘C’ and ‘D’ in Fig. 15,
providing a total mass flow rate Q̇m in the system.
The bottom stage carries cooling air (stage A) through
a six-inlet crown, for a contribution of 0.1Q̇m. Burnt
gases produced by burners are injected at stage B
through three large inlets (0.54Q̇m), the flow temper-
atures in these three inlets are 1990 K, 1840 K and
2300 K, respectively. Three additional pipes inject
additional cooling air at this stage B (0.05Q̇m). The
water sprays carrying the chemical waste are injected
with air at stage C, through a four-inlet crown, con-
tributing to 0.2Q̇m. At stage D, two more injection
pipes bring 0.11Q̇m of water spray polluted with the
nitrogenous chemical waste, the other inlet at stage D
is carrying liquid water with urea for NO reduction
(the third pipe at this position is not in use).

Imposing a downsizing factor β = 1/30, a sim-
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Fig. 14: Spanwise averaged distributions of CO2, O2, CO,
OH, H mass fractions and temperature. Symbols: detailed
chemistry GRI-3.0 [256] Solid line: Reduced mechanism
(Table 2 in [215]). Dashed line with symbols: ANN chem-
istry. 80 mm from the nozzle inlet. Reprinted with permis-
sion [215].
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D

(a) Q-criterion colored by RMS temperature.

Fig. 15: Flow visualisation from unsteady simulations of
SNCR in an incinerator. Reprinted with permission [31].

ulation resolving the Kolmogorov scale with a mesh
spacing h = 150µm in the shear layers for 162 mil-
lion cells has been conducted with a fourth-order un-
structured flow solver [277]. A reduced chemical
scheme describes the reactions at play [278]. This
simulation was first validated against statistics from
in-situ measurements and LES (details about chem-
istry, numerics and the validation procedure may be
found in [31]).

Fig. 16: Snapshots of instantaneous flow quantities with res-
olution h = 150 µm. From bottom to top, locations of Fig-
ure 15. Axial position zE = zD + 1 m, zF = zD + 3 m. Ve-
locity magnitude in m · s−1. Temperature in K, black line:
iso-temperature at 1200 K. Reprinted with permission [31].

Such flow and chemistry resolved simulation pro-
vides unique and very detailed information on the
mixing and reactions inside the incinerator (Fig. 16),
specifically concerning the NOx evolutions. Subtle
modifications of the geometry of the injection sys-
tems can be envisioned and tested. For instance, it
is seen in Fig. 16 that the temperature is not homoge-
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(a) Original design (b) Improved design

Fig. 17: Impact of improved injection design on temperature
levels favouring DeNOx.

neous traveling downstream, with levels well above
1200 K, for an optimal DeNOx process operating be-
tween 1150 K and 1250 K. The results suggest to
modify the injection of cooling water at stage C, so
that a weakly evolving swirling motion develops in-
side the furnace. The impact on the temperature dis-
tribution in the plane D of such modification is seen in
Fig. 17. The flow zone where the temperature is be-
low 1200 K is enlarged after modifying the injection,
with an efficiency of the DeNOx process improved by
7%, which was also observed in the real system after
implementing the novel injection.

This level of information could not be obtained
from unsteady simulations of the whole system in its
full size. Indeed, for the same number of grids nodes,
LES of the full system leads to a resolution of 5 mm,
which was not found enough to capture the detail of
the turbulence mixing processes driving the DeNOx.

The quasi-DNS of lab-scale version of furnaces
may thus be of great interest to understand the role of
geometrical details and envision roadmaps to improve
their performance. Lab-scale DNS was also applied
to a rapid compression machine after downsizing its
geometry [276, 279], to quantify the impact of heat
transfer at wall and the effect of weak pressure waves
on undesirable ignitions (Fig. 18).

6. DNS Carbon footprint
With actual global warming concerns and because

the ultimate objective of DNS is to help improving
combustion systems efficiency, and before conclud-
ing, it seems relevant to discuss the CO2 footprint of
these simulations and, eventually, of the storage of
databases.

The estimation of this footprint is influenced by nu-
merous parameters: the amount of processors CPU
time which were necessary, in direct relation with the
mesh size and the complexity of the thermochemical
model introduced [280], the overhead of the comput-
ing facilities and how electricity was produced (i.e.,
the geographic location of the computing center).

Considering a DNS featuring 2 billion degrees of
freedom (number of mesh cells) running for one week
on 10 000 cores with a low-Mach solver and us-
ing tabulated chemistry in the lean premixed regime,

Fig. 18: Iso-contour of Q-criterion (Q = 15 · 106 s−2)
colored by temperature in DNS of a rapid compression ma-
chine. Flow goes from left to right. Reprinted with permis-
sion [276].

about 1.68 million hours are needed. Run in France
on Xeon Platinum 9282, which is a power effi-
cient processor (base frequency 2,6GHz, 77 MB Intel
Smart Cache), according to [281, 282], this DNS cost
776 kg of CO2 equivalent (CO2e). This amount corre-
sponds to 6000 km in a passenger car (130 g CO2/km)
or to 70 years of carbon sequestration by a tree. For
a computing center in Vancouver, the cost is much
lower, only 255 kg of CO2e, thanks to its electric-
ity production based on hydropower. With electricity
produced from coal, the cost rises dramatically up to
11 000 kg of CO2e (1000 years of carbon sequestra-
tion by a tree).

A more global approach may be followed, which
also includes the manufacturing of the computer, the
storage during the computation, the interconnecting
network and the manpower necessary to manage the
computing center [283]. Then, to compensate for the
1.68 million hours DNS on the GRICAD computing
center located in Grenoble, France, up 500 years of
carbon sequestration by a tree would be necessary.

If we were to compensate for our simulations by
planting trees, the planet would rapidly be green
again! It must be acknowledged that this issue is gen-
erally present in all applications of high-performance
computing, from fluid mechanics (reactive or non-
reactive flows) to quantum chromodynamics (QCD).

We should try our best to alleviate these CO2 cost
of DNS by a global effort to rationalise the use of the
databases and the promotion of their sharing.

7. Summary and perspectives

Over the past few years, direct numerical simula-
tion of turbulent flames has evolved from a tool de-
voted to theoretical combustion, towards one of the
standard ingredients of numerical combustion bring-
ing information useful for progressing in the optimi-
sation and the design of combustion systems.

Initially limited to canonical flows featuring peri-
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odic boundary conditions (homogeneous turbulence,
mixing layers), DNS can now be applied to labora-
tory jet flames (premixed and nonpremixed), opening
many perspectives: firstly, because one can now val-
idate DNS results against experiments, and secondly,
because the reacting flow physics subtleties control-
ing those turbulent flames is more likely to ressemble
to those of real burners.

Because flames in many combustion chambers are
actually developing over less than one meter long and
away from walls, challenges in combustion DNS dif-
fer from those faced by external flows aerodynamics,
where very high Reynolds number boundary layers
developing over many meters are present. Accord-
ingly, thanks to the continuous development of com-
puting efficiency combining progress in code archi-
tecture and the availability of petaflops-class comput-
ers, the gap is progressively closing between DNS and
high fidelity LES. The boundary between these two
numerical descriptions of reactive flows getting pro-
gressively blurred. This trend needs to be accompa-
nied by a reflection in the DNS community, to keep
the correct balance between securing numerical accu-
racy and addressing configurations useful for improv-
ing combustion systems.

DNS generates huge databases feeding the flour-
ishing machine learning techniques and the number of
studies in this field is exponentially growing. Physics-
informed techniques [284], in which the iterative so-
lution of PDE is fully coupled with the training of
neural networks, will certainly soon open new per-
spectives in combustion DNS.

References

[1] S. A. Orszag, Analytical theories of turbulence, J.
Fluid Mech. 41 (2) (1970) 363–386.

[2] J. R. Herring, R. M. Kerr, Comparison of direct
numerical simulations with predictions of two-point
closures for isotropic turbulence convecting a passive
scalar, J. Fluid Mech. 118 (1982) 205–219.

[3] V. Eswaran, S. B. Pope, Direct numerical simulation
of the turbulent mixing of a passive scalar, Phys. Flu-
ids 31 (3) (1988) 506–520.

[4] R. S. Rogallo, P. Moin, Numerical simulation of tur-
bulent flows, Annual Review Fluid Mech. 16 (1984)
99–137.

[5] A. D. Leonard, J. C. Hill, Direct simulation of turbu-
lent flows with chemical reaction, J. Sci. Comput. 3
(1988) 25–43.

[6] C. Rutland, S. E. Tahry, J. H. Ferziger, Direct simula-
tion of turbulent pre-mixed reacting flows, Am. Phys.
Soc. 32 (1987) 2032.

[7] C. J. Montgomery, G. Kosaly, J. J. Riley, Direct nu-
merical simulation of turbulent reacting flow using
a reduced hydrogen-oxygen mechanism, Combust.
Flame 95 (3) (1993) 247–260.

[8] T. Poinsot, D. Veynante, S. Candel, Quenching pro-
cesses and premixed turbulent combustion diagrams,
J. Fluid Mech. 228 (1991) 561–606.

[9] P. Domingo, L. Vervisch, Triple flames and par-
tially premixed combustion in autoignition of non-
premixed mixtures, in: Symp. (Int.) on Combust.,
Vol. 26, 1996, pp. 233–240.

[10] L. Vervisch, T. Poinsot, Direct numerical simulation
of non-premixed turbulent flames, Annual Review
Fluid Mech. 30 (1998) 655–691.

[11] M. Baum, T. Poinsot, D. Haworth, D. Darabiha,
Direct numerical simulation of H2/O2/N2 flames
with complex chemistry in two-dimensional turbulent
flows, J. Fluid Mech. 281 (1994) 1–32.

[12] F. Mashayek, Numerical investigation of reacting
droplets in homogeneous shear turbulence, J. Fluid
Mech. 405 (2000) 1–36.
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