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Abstract 

Autoignition risk in initially non-premixed flowing systems, such as premixing ducts, must be assessed to 

help the development of low-NO x systems and hydrogen combustors. Such situations may involve randomly 
fluctuating inlet conditions that are challenging to model in conventional mixture-fraction-based approaches. 
A Computational Fluid Dynamics (CFD)-based surrogate modelling strategy is presented here for fast and 

accurate predictions of the stochastic autoignition behaviour of a hydrogen flow in a hot air turbulent co-flow. 
The variability of three input parameters, i.e., inlet fuel and air temperatures and average wall temperature, is 
first sampled via a space-filling design. For each sampled set of conditions, the CFD modelling of the flame 
is performed via the Incompletely Stirred Reactor Network (ISRN) approach, which solves the reacting flow 

governing equations in post-processing on top of a Large Eddy Simulation (LES) of the inert hydrogen 

plume. An accurate surrogate model, namely a Gaussian Process, is then trained on the ISRN simulations 
of the burner, and the final quantification of the variability of autoignition locations is achieved by querying 
the surrogate model via Monte Carlo sampling of the random input quantities. The results are in agreement 
with the observed statistics of the autoignition locations. The methodology adopted in this work can be used 

effectively to quantify the impact of fluctuations and assist the design of practical combustion systems. 
© 2022 The Authors. Published by Elsevier Inc. on behalf of The Combustion Institute. 
This is an open access article under the CC BY-NC-ND license 
( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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1. Introduction 

Modelling slow reactions leading to autoigni-
tion in turbulent non-premixed flows is important
for a range of applications. Practical devices may
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include fluctuations in the values of inlet param- 
eters, such as temperature, velocity, and composi- 
tion, whose impact must be understood and pre- 
dicted with affordable tools. Such fluctuations may 
cause autoignition in locations or timings away 
from the design point and create a risk for com- 
bustion concepts such as low-NO x gas turbines or 
future hydrogen combustion systems. This work 

presents a strategy to capture the stochasticity of 
half of The Combustion Institute. This is an open access 
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he autoignition process due to parameter fluctu-
tions in a turbulent non-premixed configuration,
sing accepted deterministic modelling approaches
ased on the mixture fraction concept. 

Computational Fluid Dynamics (CFD) simula-
ions of turbulent autoignition must include both
urbulent mixing and detailed chemistry [1] . A con-
iderable number of simulations at different oper-
ting conditions may be required for practical sys-
ems design. Moreover, autoignition may happen
andomly if temperature, velocity, and species com-
osition vary around the design condition due to
ven small, naturally occurring fluctuations. Hence,
 strategy to capture the stochasticity of the au-
oignition process due to parameter fluctuations
s necessary. A solution can be provided by for-
ard Uncertainty Quantification (UQ) approaches,
hich determine the uncertainty in the prediction
f selected quantities due to the known variabil-

ty of input and model parameters, usually de-
cribed by probability density functions (PDFs).
n combustion studies, forward propagation of un-
ertainties provided prediction intervals on lami-
ar flame speeds [2,3] , ignition delay times [4,5] ,
nd NO x emissions [6–8] . Monte Carlo methods
re the most direct forward UQ approach, but they
equire a large number of realisations. When the
ealisations are obtained by costly CFD simula-
ions, Monte Carlo methods become computation-
lly unfeasible. Several studies focused on solving
his issue by either reducing the number of Monte
arlo samples needed to compute the output PDFs
ccurately [9,10] or using surrogate models (also
alled meta-models) [11,12] . Surrogate models are
ow-order functions constructed (trained) upon a
educed number of CFD simulations and replace
he latter in mapping input/output quantities. How-
ver, depending on the computational cost of the
imulations needed and the dimensionality of the
ncertain input space, the training of accurate sur-
ogate models may still be practically unfeasible.
hus, there is a need to employ computationally in-
xpensive methods that simplify calculations with
etailed turbulence and chemistry models and cap-
ure system responses to perturbations without sig-
ificant loss of accuracy. 

Markides and Mastorakos [13–15] performed
xperiments of autoignition of hydrogen, heptane
nd acetylene plumes, diluted with nitrogen, issued
nto a turbulent co-flow of preheated air. Differ-
nt autoignition regimes, i.e., “no ignition”, “ran-
om spots”, flashback, and lifted flame, were ob-
erved depending on the co-flow temperature and
he ratio between co-flow and fuel velocities. More-
ver, PDFs of autoignition spot locations were ob-
ained from OH 

∗ chemiluminescence and measure-
ents of the inlet temperature fluctuations were

erformed, rendering this experiment ideal for val-
dating the proposed approach. This experiment
as been modelled with the Conditional Moment
losure (CMC) model [16] in RANS [17–19] or
Please cite this article as: S. Iavarone, S. Gkantonas and E. M
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LES [20] . The transported PDF model was also
employed with LES [21,22] and a DNS was con-
ducted [23] . None of the above-mentioned studies
considered non-adiabatic conditions, i.e., radiative
and convective heat transfer from the flow to the
surrounding walls, nor the variability of inlet con-
ditions. 

This work presents a methodology based on
the Incompletely Stirred Reactor Network (ISRN)
formulation [24,25] and on surrogate modelling
to quantify autoignition stochasticity accurately
and with a low computational cost. The stochas-
tic modelling is performed for the autoignition ex-
periment of Ref. [13] by considering uncertainties
in three input conditions and a surrogate model
trained on several ISRN simulations of the burner.
The PDFs of the autoignition spot locations are
then computed by querying the trained surrogate
model via Monte Carlo sampling of the random
input quantities and eventually compared with the
experimental data. 

2. Experimental dataset 

The hydrogen autoignition experiments per-
formed by Markides and Mastorakos [13] are the
focus of the current work. In the experiments, H 2
was diluted with N 2 and injected into a turbulent
co-flow of heated air (see Fig. 1 ). The fuel nozzle
had a 2.24 mm diameter ( d). The inner burner di-
ameter was 24.8 mm ( 2 R ). Air was electrically pre-
heated and flowed into a circular quartz tube af-
ter passing through a perforated plate to promote
turbulence. The fuel nozzle was located 63 mm
downstream of the perforated plate to allow tur-
bulence to develop. Co-flow air velocities ( U ox ) up
to 35 m/s, with temperatures ( T ox ) up to 1015 K,
were achieved. The fuel mixture composition by
mass was Y H 2 = 0.13 and Y N 2 = 0.87. A certain
amount of fuel preheating was unavoidable due to
heat transfer from the hot co-flowing air. Thus, T f 

was not an independent parameter, but depended
on the air temperature ( T ox ) and the mixture flow
rate and composition [13] . 

Hot wire and acetone Planar Laser-Induced
Fluorescence (PLIF) measurements were per-
formed to understand the mixing field at the fol-
lowing conditions: T f = T ox = 473 K and U f =
 ox = 7 m/s [26] . These conditions exhibited dy-

namic similarity with the “hot” autoignition runs
[27] . The axial velocity field was characterised
with a 1.25 mm long, 5 μm diameter hot wire
and a Dantec Constant Temperature Anemometer
(CTA) system, whereas the mixture fraction field
was obtained by suitably normalising the PLIF
measurements of the local volumetric (or molar)
concentration of injected fluorescent-laden ace-
tone. A comprehensive description of the hot wire
and PLIF measurements can be found in Refs.
[14,15,26,27] . 
astorakos, Stochastic low-order modelling of hydrogen 
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Fig. 1. Apparatus schematic (not to scale) with indication 
of autoignition events (left) and representative averaged 
OH 

∗ chemiluminescence contour (right) [13] . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In the experiments, fuel velocities ( U f ) ranged
from 20 to 120 m/s, with temperatures ( T f ) between
650 K and 930 K [13] . Up to 2000 OH 

∗ chemilu-
minescence images per operating condition (set of 
T ox , U ox , T f , and U f ) were taken and the statistics
of the autoignition spot axial location, L ign , was de-
termined (see Fig. 1 ). The PDF of L ign gave two dif-
ferent quantities, i.e., mean and minimum autoigni-
tion lengths, denoted as 〈 L ign 〉 and L min , respec-
tively, with L min defined as the axial distance where
the PDF reached 3% of its peak value. An absolute
systematic uncertainty of ±5% was estimated for
all reported spot locations. Instantaneous measure-
ments of T ox were performed, and their PDF was
found to closely follow a normal distribution, with
measured RMS reaching values up to 2.0 K at the
investigated conditions. Some of this spread is due
to the finite precision of the instrument, but some
is due to heat losses and boundary layers. It is of 
interest to know to what extent the PDF( T ox ) deter-
mines the PDF( L ign ) and to replicate the stochastic-
ity of autoignition due to parameter fluctuations.
The focus of this work is to present a methodology
Please cite this article as: S. Iavarone, S. Gkantonas and E. M
autoignition in a turbulent non-premixed flow, Proceedings of t
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that can achieve such purposes with high accuracy 
and low computational effort. 

3. Methodology for stochastic modelling 

Fig. 2 depicts the framework of the methodol- 
ogy adopted in this work to replicate the stochas- 
ticity of autoignition kernel locations reported in 

the experiments. Three random input parameters 
were considered, namely the co-flow air tempera- 
ture ( T ox ), the fuel temperature ( T f ), and the av- 
erage temperature of the quartz glass wall ( T w ). 
Performing a Monte Carlo sampling of the three 
quantities and a CFD simulation (with or with- 
out the ISRN approach) for each sampled com- 
bination to obtain a distribution of autoignition 

lengths would be computationally unfeasible. To 

overcome this computational barrier, a space-filling 
design was generated over the three-dimensional 
parameter space via the Latin Hypercube Sam- 
pling method [28] , which significantly reduces the 
number of sampled points compared to Monte 
Carlo methods. ISRN runs were performed for 
each sampled combination on top of an inert flow 

solution provided by a non-reactive LES. For the 
problem of autoignition, where only small density 
changes are expected to occur before autoignition 

happens, post-processing non-reacting flow mixing 
patterns introduces only small errors [1] . Moreover, 
the ISRN computations were carried out on the 
same mixing field since changes in the input con- 
ditions were considered small enough to cause neg- 
ligible differences in the mixing field. A surrogate 
model (also called meta-model or response surface) 
was trained on the autoignition lengths obtained 

from the ISRN simulations. Once an accurate sur- 
rogate model had been obtained, a crude Monte 
Carlo sampling of the PDFs of the input param- 
eters was performed. Three normal distributions 
were assumed for T ox , T f , and T w , having the same 
standard deviation σ = 2 K. Thus, the assumed 

distribution of T ox closely followed the measured 

one. The random samples of the three parameters 
were fed to the surrogate model to obtain the PDF 

of autoignition lengths and compute the minimum 

and mean values, which are then compared with 

the experimental data. The numerical setup of the 
LES runs is described in Section 3.1 , whereas the 
details of the ISRN methodology are presented in 

Sections 3.2 and 3.3 . 

3.1. Non-reactive CFD simulations 

In this work, the mixing field was provided 

by a non-reactive LES. The LES equations for 
mass, momentum, energy and mixture fraction 

were solved for this burner using the software 
CONVERGE [29] . The sub-grid scale stress ten- 
sor was modelled with the dynamic Smagorinsky 
model [30] . To extract more information about the 
astorakos, Stochastic low-order modelling of hydrogen 
he Combustion Institute, https://doi.org/10.1016/j.proci. 
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Fig. 2. Methodology scheme. The tasks involved in the training of the surrogate model and its successive querying via 
Monte Carlo sampling are indicated. 
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ixing field, the sub-grid scale mixture fraction
ariance was expressed as ˜ ξ ′′ 2 = c v �2 ∇ ̃

 ξ · ∇ ̃

 ξ with
 v = 0 . 1 [31] and the filter width � calculated as the
ube root of the LES cell volume, similar to Ref.
32] . In addition, the scalar dissipation rate ˜ N was
omputed considering both resolved and sub-grid
cale contributions, i.e., ˜ N = 

˜ N res + ̃

 N sgs , in which˜ 

 res = D ∇ ̃

 ξ · ∇ ̃

 ξ and 

˜ N sgs = 

c N 
2 

μt 
˜ ρ�2 ̃

 ξ ′′ 2 with c N =
2 [33] . D is the molecular diffusivity, μt is the tur-
ulent viscosity and ˜ ρ is the filtered density. The
losures for mixture fraction variance and scalar
issipation rate were implemented as User-Defined
unctions in CONVERGE. The pressure implicit
ith splitting of operator (PISO) scheme and an

mplicit first-order temporal scheme were employed
or solving the governing equations of the flow. The
xperimental velocity profiles were imposed at both
uel and air inlets along with Dirichlet boundary
onditions for scalars and pressure. At the outlet,
ero-gradient boundary conditions were enforced
or velocity components and scalars and the pres-
ure was fixed to atmospheric. No-slip conditions
ere used at the walls, assumed adiabatic at an im-
osed temperature. A digital filter was used for syn-
hetic turbulence with intensity I = 0.15 and in-
egral length scale L t = 0.004 m. The turbulent
chmidt number Sc t was set to 0.4. Adaptive Mesh
efinement with minimum cell size δ = 0.125 mm
as employed, resulting in a total number of cells
2.5M. 

.2. The ISRN approach 

In CMC, transport equations are solved for the
onditionally averaged reacting scalars, Q , which
re conditioned on the mixture fraction, ξ . Partic-
larly, Q = 〈 φ| ξ ( x , t ) = η〉 , where φ is a generic re-
cting scalar and η is a sample space variable for
he mixture fraction ξ . It is common practice to
se a dual mesh approach, where the CMC grid is
oarser than the LES one. Assuming steady-state
nd neglecting turbulent transport in the longitudi-
al direction by conditional fluctuations, i.e., thin-
hear flow, the CMC shear flow equations can be
Please cite this article as: S. Iavarone, S. Gkantonas and E. M
autoignition in a turbulent non-premixed flow, Proceedings of t
2022.07.129 
obtained from the canonical form of the CMC
equations by averaging across the flow [16] . The
present formulation accounts for non-unity Lewis
numbers, and thus the governing equations for the
i-th conditionally averaged species mass fraction,
Q i , and the conditionally averaged enthalpy, Q h ,
can be written as 

 

∗
η

∂Q i 

∂z 
= 〈 ̇  ω i | η〉 + 

Le ξ
Le i 

N 

∗
η

∂ 2 Q i 

∂η2 

+ 

(
Le ξ
Le i 

− 1 
)

M 

∗
η

∂Q i 

∂η
, (1)

 

∗
η

∂Q h 

∂z 
= 〈 ̇  ζ | η〉 + Le ξ N 

∗
η

∂ 2 Q h 

∂η2 

+ 

N ∑ 

i=1 

(
1 

Le i 
− 1 

)
Le ξ N 

∗
η

∂Q i 

∂η

∂Q h,i 

∂η

+ 

N ∑ 

i=1 

(
1 

Le i 
− 1 

)
Le ξ N 

∗
η

∂ 2 Q i 

∂η2 
Q h,i 

+ 

N ∑ 

i=1 

(
1 

Le i 
− 1 

)
Le ξ M 

∗
η

∂Q i 

∂η
Q h,i , (2)

where the terms including the i-th species Lewis
number, Le i , must be considered to capture dif-
ferential diffusion. In particular, non-unity Lewis
numbers were considered only for H-atom and H 2 ,
i.e., Le H 

= 0.18 and Le H 2 = 0.3, as in Ref. [34] . Le ξ
is the Lewis number for the mixture fraction and is
assumed equal to unity. The inert species, i.e., N 2 ,
is not transported via Eqs. 1 –2 to ensure that mass
and enthalpy are conserved. A star, ∗, denotes the
cross-stream average of the quantity φ defined as 

φ∗
η = 

{ φηP η} 
{ P η} = 

lim R →∞ 

∫ 
r ≤R φηP ηrdr 

lim R →∞ 

∫ 
r ≤R P ηrdr 

, (3)

where the subscript η indicates conditioning on the
mixture fraction, i.e., η is the sample space vari-
able of the mixture fraction, φη = 〈 φ| η〉 , and P η ≡
P(η) is the PDF of the mixture fraction. The equa-
tions above can be seen as the 1D equivalent of the
astorakos, Stochastic low-order modelling of hydrogen 
he Combustion Institute, https://doi.org/10.1016/j.proci. 
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ISRN approach presented by Gkantonas et al. [24] .
Instead of dealing with volume-averaged quanti-
ties, this formulation is based on cross-stream av-
eraging and represents a series of Incompletely
Stirred Reactors (ISRs) that bears some similar-
ity with a plug flow reactor approximation includ-
ing micro-mixing effects. A similar approach has
also been proposed in Ref. [25] . The CFD-derived
quantities needed for the ISRN simulations are the
mean velocity vector, density, mean mixture frac-
tion, mixture fraction variance and mean scalar dis-
sipation rate. When extracted from an LES, the in-
stantaneous quantities should be time-averaged, so
that information about the mean flow and mixing
fields is fed to the ISRN. In Eqs. 1 –3 , P η was mod-
elled as a clipped-Gaussian PDF and N η was calcu-
lated from the AMC model [35] . M 

∗
η was calculated

by cross-stream averaging ( Eq. 3 ) the conditionally
filtered diffusion term M η, modelled here as 

M η = 

1 
ρP η

∂ 

∂η
(ρP ηN η ) , (4)

according to Ref. [16] . In Eq. 2 , the term 〈 ̇  ζ | η〉 ac-
counts for the convective and radiative heat trans-
fer from the gaseous phase to the quartz tube. The
convective part was modelled according to Hergart
and Peters [36] 

〈 ̇  ζconv | η〉 = α( Q T − T w ) , (5)

where T w is the quartz wall temperature, and α is
defined as 

α = 

hA (T − T w ) ∫ 1 
0 (Q T − T w ) P ηdη

, (6)

with h being the heat transfer coefficient, A the wall
area, T w the wall temperature and T the uncondi-
tional fluid temperature. The radiative part was cal-
culated based on an optically thin assumption and
the RADCAL model previously applied to CMC
[37] . 

3.3. Numerical settings 

An operator splitting technique was imple-
mented for the solution of the ISRN equations,
which were advanced in time with a constant
(pseudo) time-step �t = 10 −6 s until steady-state
was reached. Transport in physical space, i.e., the
first terms of Eqs. 1 –2 , was solved first, followed by
transport in mixture fraction space and chemical
source term integration. The tridiagonal matrix al-
gorithm (TDMA) was employed for the transport
in physical space and the micromixing terms. The
chemical source term was closed with a first-order
approximation, and the integration was executed
by the SpeedCHEM chemistry solver employing an
analytical Jacobian formulation. The kinetic mech-
anism by Hong et al. [38] , which provided good ig-
nition delay times of hydrogen [39] , was employed.
It consists of 10 species and 31 reactions. A second-
order central difference scheme was adopted for the
Please cite this article as: S. Iavarone, S. Gkantonas and E. M
autoignition in a turbulent non-premixed flow, Proceedings of t
2022.07.129 
second-order derivatives in mixture fraction space 
and an upwind scheme for the derivatives in phys- 
ical space. The mixture fraction space was discre- 
tised using 101 bins clustered around the stoichio- 
metric mixture fraction ( ξst = 0.184) with sufficient 
resolution around the most reactive mixture frac- 
tion. The latter was obtained from standalone ho- 
mogeneous mixture calculations following the ini- 
tialisation procedure in Ref. [1] , and ranged from 

0.034 to 0.048 in the current configuration. The ab- 
solute enthalpy equation was solved and the tem- 
perature was calculated from species and enthalpy 
with absolute tolerance 10 −8 . The heat transfer 
through the outer quartz tube was considered in 

the simulations and a constant and uniform tem- 
perature was assumed. An estimate of this aver- 
age temperature was obtained off-line via a conju- 
gate heat transfer calculation that considers convec- 
tion from the inert gas to the quartz pipe wall, 1D 

conduction within the wall, and radiation from the 
wall towards the surroundings. A quasi-steady state 
assumption was made for the inert gas, with tem- 
perature values matching an experimental profile 
measured inside the pipe, and a conduction-source 
equation was solved for the solid to compute the 
final wall temperature. 

The “equal velocity” experimental case, where 
the mean inlet velocities of fuel and air streams are 
identical, U f = U ox = 26 m/s, was targeted. An in- 
terval of values were reported in the experimental 
campaign for the inlet fuel and air temperatures. A 

fuel temperature T f = 750 K was considered in ac- 
cordance with other numerical works [17,18,21,22] . 

4. Results 

The ISRN equations were solved in post- 
processing on top of the inert mixing field resolved 

by LES. The validation of the LES was performed 

by comparing simulated profiles of velocity, mix- 
ture fraction and mixture fraction variance with 

the corresponding hot wire and acetone PLIF mea- 
surements. Fig. 3 shows a comparison of exper- 
imental and simulated radial and axial profiles, 
which indicates that the simulation can capture the 
inert mixing field with satisfying accuracy. 

The behaviour of the reacting flow at the nomi- 
nal conditions of the “equal velocity” experimental 
case, i.e., U f = U ox = 26 m/s and T f = 750 K, was 
then targeted by the ISRN simulations. The co-flow 

air temperature T ox ranged from 950 to 975 K, while 
a fixed value of the average wall temperature, T w 

= 675 K, was considered. The autoignition length 

was defined based on the OH-radical, at the loca- 
tion of the maximum gradient of the OH-radical 
mass fraction. Little difference with OH 

∗, H, O or 
T were observed. The hydrogen autoignition length 

is well captured, as shown in Fig. 4 , demonstrat- 
ing that the ISRN approach can provide accurate 
predictions of autoignition. Particularly, the ISRN 
astorakos, Stochastic low-order modelling of hydrogen 
he Combustion Institute, https://doi.org/10.1016/j.proci. 
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Fig. 3. Experiments (symbols) and simulations (lines): mean radial profiles of axial velocity 〈 ∼U y 〉 (normalised by the bulk 

velocity, U ox ) and mixture fraction 〈 ̃  ξ〉 at y = 2 mm (a-c); mean axial profiles of 〈 ̃  ξ 〉 and mixture fraction variance 〈 ̃  ξ ′′ 2 〉 
along the centreline (b-d). 
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pproach, carried out at the nominal experimen-
al conditions (e.g., nominal T ox values), can pre-
ict the mean autoignition lengths 〈 L ign 〉 , as shown

n Fig. 4 . To capture the minimum autoignition
engths L min , one needs to account for the fluctu-
tions of the autoignition kernel locations due to
he fluctuations of the input conditions. Thus, a
tochastic approach is needed, and it is enabled by
sing a surrogate model. 

The space-filling design was generated within
he following ranges of variability of the input pa-
ameters T f , T ox , and T w : 650–800 K, 920–1000 K
nd 580–720 K, respectively. A total of 100 differ-
nt combinations were sampled from the parame-
er space via Latin Hypercube Sampling, and hence
00 ISRN simulations were performed. The simula-
ions took about 36 hours to run over 20 processors
n parallel. Only 66 out of 100 simulations resulted
n autoignition. A response surface for L ign was
rained over the 66 ISRN runs providing autoigni-
ion. The chosen response surface is a Gaussian
Please cite this article as: S. Iavarone, S. Gkantonas and E. M
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2022.07.129 
Process (GP) with Matérn 5/2 kernel [40] , which
was trained in MATLAB with its accuracy eval-
uated during training by 5-fold cross validation.
Gaussian Process (or kriging) is an interpolation
method where the input-output relationship is ex-
pressed by a combination of a trend function and
a residual term [40] : 

y ( x ) = μ( x ) + z ( x ) = 

p ∑ 

i=0 

βi f i ( x ) + GP ( x , θ) (7)

The trend function μ( x ) is a weighted linear
combination of p + 1 polynomials, with weights βi

determined by generalised least squares. The sub-
script i also indicates the degree of the polynomi-
als f i ( x ) . The residual function z ( x ) is expressed
by a Gaussian process, i.e., a normal distribution,
GP ( x , θ) = N (0 , K ( x , θ)) , having a specific covari-
ance function (kernel) K with a set hyperparame-
ters θ determined by maximum likelihood estima-
tion [41] . The residual function creates a localised
astorakos, Stochastic low-order modelling of hydrogen 
he Combustion Institute, https://doi.org/10.1016/j.proci. 
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Fig. 4. Autoignition lengths for hydrogen at different in- 
let air temperatures T ox : minimum L min and mean 〈 L ign 〉 
from experiments and L ign predicted by ISRN. 

Fig. 5. Parity plot of autoignition lengths for hydrogen, 
L ign , obtained by the ISRN simulations and predicted by 
the GP. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6. Histogram of the PDF( L ign ) obtained by the GP 

when propagating the variability of only one input quan- 
tity, T ox . The real PDF of L ign is depicted by a red solid 
line. The black and red dashed vertical lines indicate the 
means for GP and real PDFs, respectively. (For interpre- 
tation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.) 
deviation by weighting the points in the training set
x d that are closer to the target points x t . Other ap-
proaches, such as neural networks, support vector
machines, or polynomials, may have been used as
surrogates. The latter two were considered in the
training stage but they did not provide an accurate
fitting as the GP. The training of the GP was per-
formed in less than one minute on a 4-core laptop.
Fig. 5 shows the parity plot of the L ign values ob-
tained by the ISRN simulations and the GP. The
low-order model fits the L ign values with great ac-
curacy. The maximum discrepancy between the val-
ues provided by the ISRN runs and obtained by the
surrogate model is 1.16 mm. 
Please cite this article as: S. Iavarone, S. Gkantonas and E. M
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Prior to using it for propagating the uncertainty 
of the three input parameters on the autoignition 

length, the GP was first assessed in its capability to 

replicate the PDFs of L ign when the PDF of one 
of the input quantities is supposedly known. A to- 
tal of 21 ISRN simulations were performed at fixed 

T f = 750 K and T w = 675 K, while T ox was varied 

from 950 K to 970 K to sample a hypothetical nor- 
mal distribution with mean μ = 960 K and stan- 
dard deviation σ = 2 K, namely, T ox = N (960 , 2) . 
A one-to-one correspondence between the PDFs 
of T ox and L ign exists in this case, and a surrogate 
model must be able to provide a good estimation 

of the PDF of L ign , its mean and standard devi- 
ation. The PDF of L ign was computed by query- 
ing the trained GP 10 8 times. The 10 8 GP evalua- 
tions were obtained in less than 4 minutes on a 4- 
core laptop. A fairly good agreement can be seen in 

Fig. 6 between the PDF known a priori and the one 
computed by the surrogate, considering that the GP 

was not trained on the ISRN data used for this 
test. Also, a higher number of training samples can 

be employed to improve the response surface fit- 
ting and increase the accuracy of the GP for unseen 
data. Training the GP on only 66 simulations al- 
ready provide good enough accuracy for L ign since 
the mean and standard deviation computed by the 
GP are 39.2 mm and 2.8 mm, whereas the analytical 
values, obtained from the numerical integration of 
the real PDF of L ign , are 38.6 mm and 3.1 mm. The 
mean values are indicated in Fig. 6 by black and 

red dashed vertical lines for GP and real PDFs, re- 
spectively. The same mean and standard deviation 
astorakos, Stochastic low-order modelling of hydrogen 
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Fig. 7. L min and 〈 L ign 〉 from experiments (symbols with 
error bars) and predicted by the GP at fixed mean values 
of T f and T w (solid lines) and at variable mean values of 
T f and T w (dotted lines). 
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Fig. 8. U f = U ox = 20 m/s case: L min and 〈 L ign 〉 from ex- 
periments (symbols with error bars) and predicted by the 
GP at fixed mean values of T f and T w (solid lines) and at 
variable mean values of T f and T w (dotted lines). 
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alues were obtained by considering 10 7 GP evalu-
tions. 

At the Monte Carlo sampling stage, three nor-
al PDFs were assumed for T ox , T f , and T w , hav-

ng the same standard deviation σ = 2 K. The
ean values for T f and T w were assumed to be the

ominal ones, i.e., T f = 750 K and T w = 675 K.
he mean value of T ox was varied from 950 K to
75 K to comply with the range at which the ex-
erimental data were available. 10 7 combinations
ere randomly sampled from the joint PDF of 

he three input quantities. The autoignition length
DF was obtained from the GP evaluations at

he input random samples. Minimum, L min , and
ean, 〈 L ign 〉 , autoignition lengths were obtained

rom the PDF( L ign ) and compared with the exper-
mental data in Fig. 7 . The solid lines in Fig. 7 de-
ict L min and 〈 L ign 〉 profiles obtained while keep-

ng the mean T f and T w at their nominal values. A
airly good agreement can be noticed. However, in
he experiment, because of convective heat trans-
er from the injection pipe walls, T f is not an in-
ependent parameter but a function of T ox , U ox ,
nd U f . Also, T w is uncertain and depends on T ox

nd U ox . Considering the mean values of T f and
 w in the ranges 720–760 K and 600–680 K, respec-

ively, and both monotonically increasing with T ox ,
he dotted lines in Fig. 7 were obtained. A closer
greement between experimental and simulated
alues of 〈 L ign 〉 and L min can be observed in this
ase. 

The use of a surrogate model enables a Global
ensitivity Analysis (GSA) through Sobol indices

42] , which are computed for each stochastic model
arameter and highlight their fractional contribu-
ion to the output quantity variance. This contribu-
ion is estimated by the following first-order or main
Please cite this article as: S. Iavarone, S. Gkantonas and E. M
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2022.07.129 
effect Sobol index: 

S i = 

V X i (E X ∼i (M ( X ) | X i )) 
V (M ( X )) 

, (8)

where X is the set of random variables, V (M ( X ))
is the total variance of the model response M ( X ) ,
and the numerator represents the variance deter-
mined by the i-th variable, calculated with respect
to an expected value of the model response. The
latter is obtained by varying all the random vari-
ables within their uncertainty ranges but the i-th
one, kept constant. As thousands of runs are re-
quired to get accurate indices, the use of a surrogate
model makes GSA computationally feasible. The
indices were then computed and reported as follows
for the input parameters: 0.980 for T ox , 0.013 for T f ,
and and 0.004 for T w . Their sum is equal to one mi-
nus the values of higher-order interaction indices,
neglected here. The indices show that the autoigni-
tion length variability is mainly caused by the inlet
co-flow temperature. This can be explained by the
fact that in the studied flow, the most reactive mix-
ture fraction, which is crucial for autoignition [1] ,
is overall very lean. Thus, the location of the au-
toignition kernels L ign is less susceptible to changes
due to T f but strongly affected by T ox . Although the
variability of the inlet fuel temperature and the av-
erage wall temperature is not impactful on the au-
toignition length variance, their nominal values are
and determine different final values of 〈 L ign 〉 and
L min , as can be seen by comparing solid and dotted
lines in Fig. 7 . 

Finally, the same methodology described above
was applied to another “equal velocity” case, i.e.,
 f = U ox = 20 m/s. Fig. 8 shows the comparison

of experimental and simulated profiles of L min and
〈 L ign 〉 . The values are well predicted by the joint
ISRN-surrogate modelling approach, apart from
astorakos, Stochastic low-order modelling of hydrogen 
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the value of L min at T ox = 950 K, which is over-
estimated. The GP model can be trained also for
cases where U f is different from U ox . The accuracy
of the GP, or any other surrogate model, in pre-
dicting stochastic autoignition events is strongly re-
lated to that of the training simulation data. Par-
ticularly, the ISRN approach needs to capture the
variation of the mean autoignition length 〈 L ign 〉
with the nominal input parameters correctly to en-
able the successful application of the joint ISRN-
surrogate modelling approach to a different case.
The validation of ISRN to jet in coflow and cross-
flow configurations is left for future studies. 

5. Summary and conclusions 

A novel approach using Incompletely Stirred
Reactor Network (ISRN) modelling and surro-
gate modelling for stochastic estimation of non-
premixed autoignition in turbulent flames has been
presented. The model has been applied to an exper-
iment with hydrogen continuously injected in a con-
fined turbulent co-flow of preheated air, for which
experimental measurements of the fluctuations of 
inlet parameters and autoignition spot location are
available. The ISRN method solves the CMC shear
flow equations in post-processing on top of an in-
ert flow LES, thus significantly reducing the com-
putational costs. The effect of non-adiabatic condi-
tions and differential diffusion have been included.
The approach captured well the mean autoignition
lengths measured in the experiments. This newly
validated simulation tool for autoignition reduces
the computational costs with minimal loss of ac-
curacy, ensuring the exploration of multidimen-
sional parameter spaces for UQ, optimization, and
sensitivity analysis. In this work, the fluctuations
of three input quantities, i.e., inlet fuel and air
temperatures, and average outer tube temperature,
were considered to predict the variability of the au-
toignition lengths observed during the experiments.
The assumed input variability was propagated to
estimate the mean and minimum flame liftoff lo-
cations. A total of 100 ISRN simulations of the
burner were performed at input parameter combi-
nations sampled via a space-filling design. A Gaus-
sian Process was chosen as a surrogate model and
trained on the ISRN simulations. The accuracy of 
the surrogate was tested on a dataset not used for its
training. The final quantification of the autoigni-
tion locations was achieved by querying the surro-
gate model via Monte Carlo sampling ( 10 7 points)
of the selected random input quantities. Fast and
accurate predictions of minimum and mean au-
toignition lengths were obtained. 

The methodology presented in this proof-of-
concept study has quantified the stochasticity of 
autoignition locations in an efficient and compu-
tationally feasible way. It can be used effectively to
determine the sensitivity of autoignition to the fluc-
Please cite this article as: S. Iavarone, S. Gkantonas and E. M
autoignition in a turbulent non-premixed flow, Proceedings of t
2022.07.129 
tuations of inlet parameters. Such analyses are crit- 
ical to the design of practical systems like premixers 
of aero-derivative gas turbines and become espe- 
cially relevant for high pressures and the expected 

switch to hydrogen combustion. 
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