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centrations is developed from the solutions of counter-flow diffusion flames. The effects
of flow field on flamelets are considered by using mixture fraction and scalar dissipation
rate. Turbulence-chemistry interactions are taken into account by integrating different
quantities based on a presumed probability density function (PDF), to calculate the
Favre-averaged values of scalars. Flamelet library is then generated. To interpolate in the
generated library, one artificial neural network (ANN) is trained where the mean and var-

Keywords:
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Non-premixed iance of mixture fraction and the scalar dissipation rate are used as inputs, and species
Differential diffusion mean mass fractions and temperature are selected as outputs. The weights and biases of
Turbulent flame this ANN are implemented in a CFD flow solver code, to estimate mean values of the sca-

lars. Results reveal that ANN yields good predictions and the computational time has
decreased as compared to numerical integration for the estimation of mean thermo-
chemical variables in the CFD code. Predicted thermo-chemical quantities are close to
those from experimental measurements but some discrepancies exist, which are mainly
due to the assumption of non-unity Lewis number in the calculations.

© 2011 Elsevier Inc. All rights reserved.

1. Introduction

Physical and chemical phenomena in turbulent flames are governed by the continuity, momentum, energy and species
transport equations [1]. Direct Numerical Simulation (DNS) of these equations is restricted to simple geometries [2]. The role
of the turbulence model and combustion model is to close the averaged governing equations for calculating thermo-
chemical scalars in reactive flows without direct resolution of these equations for the species and temperature.

Most of the industrial flames are of a non-premixed type, also referred to as diffusion flames. The simplest combustion
model for this type of flame is the flame-sheet model, which has been used for many years to predict the combustion of gas-
eous fuels [3]. However, this model suffers from several drawbacks [3]. The flamelet model circumvents such limitations and
is able to treat the interaction between turbulence and finite rate chemistry. The laminar flamelet model considers complex
physical phenomena, such as detailed chemistry and formation of pollutants, by decoupling chemical reactions from turbu-
lent flow field [4]. The flamelet model assumes a turbulent flame as an ensemble of laminar flamelets [4,5]. Each flamelet is
subjected to the local flow field conditions, resulting in convection and stretch of the flamelets. Therefore, the local flame
structure may be described only by the local flow parameters, especially the local mixture fraction and local scalar dissipa-
tion rate corresponding to the stoichiometric mixture. The scalar dissipation rate represents the influence of turbulence on
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flamelet structure and can be interpreted as the inverse of characteristic diffusion time [4]. The laminar flamelet structure
can be pre-calculated and tabulated into a flamelet library, with mixture fraction and scalar dissipation rate as independent
variables. Once the values of these parameters are known from the flow field, one can find thermo-chemical quantities from
the flamelet library [6].

Flamelet formulation for turbulent non-premixed flames was first presented by Peters [4] in 1984, who used probabil-
ity density function to obtain the mean reactive scalars. Further developments of this model made it quite popular among
the combustion researchers. The model has been successfully applied to predict flow variables in many applications, both
for turbulent and laminar flames [7-13]. Sanders et al. [8] explored the laminar flamelet model for predictions of NOx
emissions from turbulent hydrogen jet diffusion flames. The flamelet model gives better predictions when the Damkéhler
number increases, corresponding to thin flames in which the smallest turbulent eddies are still bigger than the flame
thickness. Coelho and Peters [9] applied the Eulerian particle flamelet model (EPFM) to calculate the NOx formation in
a combustor with high preheating and strong internal exhaust gas recirculation. Claramunt et al. [1,11] investigated
the application of the laminar flamelet numerical simulation of multidimensional non-premixed laminar flames comparing
different flamelet mathematical formulations. Unsteady flamelet model is used to account for slow processes like pollutant
formation, as the chemical flamelet structure can then follow rapid changes of the scalar dissipation rate instantaneously.
Lee and Choi [13] applied unsteady flamelet model to the combustion and pollutant emissions of turbulent jet flames of
methane and propane with various conditions of inlet air temperature and oxygen concentration. Their results revealed
that, when the oxygen concentration is high, the two fuels show quite different characteristics in the downstream region.
Furthermore, propane gives a higher NO formation compared to methane, especially when the oxygen concentration is
high.

One of the main goals of this paper is to apply artificial neural networks (ANNs) to model non-premixed turbulent flames.
ANNs are promising modeling techniques that have very good approximation capabilities. The first studies concerning ANNs
can be traced back to 1940s, but their applications were limited until 1980s. Presentation of the Error Back Propagation (EBP)
algorithm, by Rumelhart et al. [14], resulted in their widespread use in practical applications such as aerospace, banking,
automotive industry, transportation, signal processing, insurance, automatic control and many other fields. Their use is ex-
pected to increase due to developments in computational methods in the coming decade [15]. The applications of ANN to
combustion problems have been reported in few previous works [16-21]. The present paper is an effort to develop the
ANN-flamelet technique for RANS simulation of DLR flame.

Kempf et al. [19] investigated the structure of a diffusion flame by using Large Eddy Simulation (LES). A steady flamelet
model, which is represented by an artificial neural network, yields flow field parameters as a function of the mixture fraction.
They assessed the accuracy of the results by varying the grid-resolution and by comparing to experimental data. Their results
obtained for both one- and two-point statistics were in good agreement with the experimental data.

Sen and Menon [21] evaluated the applicability of ANN approach as a chemistry integrator for LES of turbulent flame. An
ANN code based on back-propagation algorithm was developed with a new approach for self-determining the model coef-
ficients adaptively with respect to the error surface topology. They found that once the ANN is well trained, it can success-
fully predict the reaction rates in both memory and time efficient manner compared to traditional look-up table approach
and stiff ODE solvers, respectively.

Ihme et al. [20] performed LES of a bluff-body, methane-hydrogen flame, using two chemistry representation methods,
namely a conventional structured tabulation technique and ANN. The method for the generation of optimal artificial neural
networks (OANNs) [22] was employed in the LES of turbulent reactive flows. The network performance was compared with
the structured tabulation of increasing resolution, and effects of long-time error accumulation on the statistical results dur-
ing a numerical simulation were discussed.

The work described in this paper concerns the use of steady flamelet modeling approach in calculations of a turbulent
CH4/H3/N, jet diffusion flame. Differential diffusion effects have been considered in this study. Mean reactive scalars are
calculated using a presumed probability density function. In order to apply the flamelet model to an in-house CFD code,
ANN is used. Results are compared to those obtained by measurements and numerical simulations. The effects of non-
unity Lewis number assumption and the advantages of ANN in reducing numerical effort and computational time are
discussed.

2. The laminar flamelet model

In diffusion flames, combustion occurs in a thin layer in the vicinity of the surface of the stoichiometric mixture, if the
local mixture fraction gradient is assumed to be high enough. This thin layer and the surrounding non-reacting mixing region
are defined as an ensemble of laminar diffusion flamelets [6].

Using Crocco-type transformation and neglecting the multidimensional effects (convection and diffusion), as well as the
derivatives of reactive scalars in tangential direction compared to those in normal direction, flamelet equations for species
and temperature can be derived from the conservation equations in the Eulerian framework [1,6]:
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where Y; is mass fraction of species i, T is the temperature, and Z is the mixture fraction, which accounts for fuel and oxidizer
mixing level. Here ; is the chemical production rate of species i, h; is species enthalpy and Qg is the radiation heat loss.
Parameter c, denotes the constant pressure specific heat capacity, p is the mass density, Le; is the Lewis number of species
i, and y is the scalar dissipation rate. Omitting the time derivative in the flamelet equations leads to the governing equations
of steady flamelets.

The scalar dissipation rate can be interpreted as the inverse of a characteristic diffusion time. As this time decreases, mass
and heat transfer through the stoichiometric plane are enhanced. The scalar dissipation rate is defined by:

% =2D|VZP, (3)

where D is the diffusion coefficient. At the flame surface, the scalar dissipation rate is given by the stoichiometric value, y,
which can be modeled by the following expression for a counter-flow diffusion flame with a small stoichiometric mixture
fraction:

exp(—2[erfc " (2Z«)]%). (4)
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In Eq. (4), erfc™! is the inverse of complementary error function, and subscript st denotes the stoichiometric condition. Here
j=0andj =1 are used for the planar and axially symmetric configurations, respectively. Thus, y is proportional to the strain
rate, a, for a counter-flow diffusion flame.

There are commonly two ways to apply the steady flamelet concept to modeling a diffusion flame. One method is to solve
the steady state form of Egs. (1) and (2) in the mixture fraction coordinate with properly defined boundary conditions and a
specified characteristic scalar dissipation rate. The second one, which is adopted in the present work, is to solve the govern-
ing equations of counter-flow diffusion flame along the stagnation streamline (physical space) with an arbitrarily complex
chemistry for different values of ys. A range of ys can be obtained by varying the strain rate parameter a in the counterflow
laminar flame calculations (Eq. (4)). The mixture fraction is calculated from the products mass fractions using the method of
Bilger et al. [23]:

7 2(YC7YC,2)/WC+(YH *YHvz)/ZWHf (Y07YO,2)/WO (5)
2(Yer = Ye2)/We + (Yia — Yu2)/2wh — (Yo1 — Yo2)/Wo'
where Y’s are elemental mass fractions of carbon, hydrogen and oxygen; w’s are atomic weights; and the subscripts 1 and 2
refer to the fuel and air streams, respectively.
Species mass fractions and temperature are functions of the mixture fraction and stoichiometric scalar dissipation rate:

Yi=YiZ, xa); T=TZ ¥s) (6)
The influence of turbulent fluctuations on the thermo-chemical quantities may be taken into account by using presumed

probability density functions. The Favre mean and the variance of a thermo-chemical scalar can then be obtained from
the following relations [24]:

L~ 1
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where Z and Z? are the mean and variance of mixture fraction, respectively. Variables with over-tilde denote density
weighted (Favre) mean quantities, and P(Z) is a presumed pdf, usually the incomplete B-function that only depends on
the mean and variance of mixture fraction.

__The Favre mean species concentrations and temperature are stored in the flamelet library. Thus, if the local values of Z,
Z" and y, are known, the mean species concentrations and temperature can be determined from the flamelet library. Val-
ues of the mean and variance of mixture fraction are calculated at each grid point of domain by solving their transport equa-
tions, and the mean scalar dissipation rate is modeled as:

Az
e = T p@yaz )
£(2) = exp(~2ferfe * 2)P), (10)

where the mean value 7 may be modeled by the values of turbulent kinetic energy k, its dissipation & and mixture fraction
variance [6]:
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p=c,iz, (11)
where ¢, =2 has been widely used in the literature [6].

3. Artificial neural networks (ANN)

ANNSs are collections of some processing units and act as a black box that learns the relation between inputs and outputs.
A neural network consists of a large number of computing elements, called neurons, which are tied together with weighted
connections and are arranged in layers. Each neuron comprises one or more inputs, weight and a transfer function. The role
of each neuron is to receive the input, add the weighted input to bias and calculate the output by applying a transfer function
on it. The transfer function may be linear, sigmoid, etc. [25,26].

ANNSs are often classified according to the number of layers, single or multi layer. Multi layer ANNs contain hidden layers
between the input and the output. The capability of multi layer networks is higher than single layer ones. For example, a two
layer network with sigmoid transfer function in the first layer and a linear transfer function in the second layer is able to
approximate most functions [25], which is also employed in this study.

Feedforward ANNSs are those networks in which there is no feedback of the output signals. A two-layer feed forward net-
work architecture is shown in Fig. 1, where R is the number of inputs, S' and 52 are the number of neurons in the first and
second layer, respectively. Parameter b is the bias, w is the weight and a is the output. Subscripts are used to identify the
neurons and superscripts to identify the layers.

An important stage for an ANN is the training step, in which the input is fed to the network and its output is generated.
Comparing the calculated and desired outputs, network attempts to adjust its parameters in order to minimize the error be-
tween target and actual output. Network training is usually implemented for function approximation (nonlinear regression),
pattern association and pattern classification. Multi Layer Perceptron (MLP) networks are extensively used for these pur-
poses and are often trained by EBP algorithm where the input is forward propagated through layers to an output layer. After
an error between the output and the desired value is determined, it is back-propagated through the network connections
from the output to the input layer for adjusting weighting values. This process of network training is repeated until all
the weights have stabilized and the error has reached an acceptable level.

In the present study, MLP networks with two layers (in addition to input layer) are used. Determination of the optimum
number of neurons in hidden layers is carried out by a trial and error procedure.

4. The research approach

Steady state, counter-flow diffusion flame calculations are performed, using the OPPDIF computer code [27]. The chemical
mechanism considered is GRI-Mech 3.0 [28], involving 53 species and 325 reactions. Mixture fraction is calculated using Bil-
ger’s formula [23] and scalar dissipation rate is considered proportional to the strain rate.

In order to obtain mass fractions and temperature (as a function of mixture fraction and scalar dissipation rate) a neural
network (ANN1) is created. Mixture fraction and scalar dissipation rate are selected as inputs and species mass fractions and
temperature, which is normalized by its maximum value, are defined as outputs. Then, this network (ANN1) is used to esti-
mate ¢; for the calculations of Favre mean scalars by Eq. (7). Numerical integration is performed over the range of mean and
variance of mixture fraction and scalar dissipation rate to create a databank. It must be noted that this integration is carried
out by the procedure suggested in [29] and by considering more integration points near extremes and around the
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Fig. 1. Architecture of a two layer feed forward neural network.
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stoichiometric value. In the next step, another network (ANN2) is developed over the generated databank, where the three
aforementioned parameters (mean and variance of mixture fraction and scalar dissipation rate) are employed as inputs and
the mean values of species mass fractions and normalized temperature are selected as outputs. Finally, weights and biases of
this network (ANN2) are implemented in the CFD code to predict the mean reactive scalars during an iterative computational
procedure.

In the case of network training, the Levenberg-Marquardt algorithm [25] is used to optimize the synaptic weights. This
algorithm is a robust Gauss-Newton method and its fast convergence makes its suitable for training neural networks. A two-
layer architecture was found adequate for the prediction of species mass fractions and temperature, as recommended by
Hagan et al. [25]. The final network (ANN2) has 8 neurons in the first layer (hidden layer) and 11 neurons in the second layer
(output layer) and is able to predict the Favre mean temperature and mass fractions of the main species, as well as minor
species. Typically, the training set used for the adjustment of parameters of ANN2 has 4550 sets of data, and around 1500
additional sets are used for the test step. The network outputs and target values were almost identical and there were not
appreciable differences between them.

The numerical simulation software is an in-house computer code, based on the finite volume discretization method on
structured, collocated cells. The method is second order accurate regarding convection, diffusion and source term discreti-
zation. In addition to the basic equations for the flow field, equations for the mean mixture fraction and its variance are
solved in the present code using the standard k-¢ model, to deal with turbulence [30]. The standard k-¢ model has known
shortcomings for predicting round jets. In particular, the k-¢ model over-predicts the decay rate and the spreading rate of a
round jet. In the present work, a simple modification to the value of C.; of the e-transport equation is made. The value of
constant C; is modified from 1.44 to 1.60 following the work of McGuirk and Rodi [31]. The SIMPLEC algorithm is used
to handle pressure and velocity coupling. It is noteworthy that the validity of this code has been verified in previous studies
[32].

In the present work, by adding proper sub-routines, mean values of the thermo-chemical parameters and temperature are
obtained for each grid node in the calculation domain and results are compared with experimental measurements, unsteady
flamelet calculations, and equilibrium model predictions.

4.1. The test case

The flame modeled here is a turbulent CH4/H,/N; jet diffusion flame, known as DLR-A flame, which has been experimen-
tally investigated by Bergmann et al. [33] and Hassel and Geif [34]. The fuel has a composition of 22.1% CHg, 33.2% H, and
44.7% N, in volumetric parts, issuing from a stainless steel tube with an inner diameter of 8 mm at velocity of 42.2 + 0.5 m/s
(Re =15,200).

Hydrogen is used in the experiments to stabilize the flame and nitrogen is added to decrease thermal radiation and to
improve the quality of measuring techniques. Coflow air enters the flow field via an annular nozzle (140 mm diameter) with
an exit velocity of 0.3 m/s. Fuel and air temperatures are both 295 K. The system works in atmospheric pressure and the stoi-
chiometric mixture fraction is 0.167. Experimental data has been gathered by means of Raman-Rayleigh, LIF measurements
[35,36]. Conditional Moment Closure and unsteady flamelet results are given in [37,38], respectively. In the present work,
the experimental data for the Favre mean temperature and mass fractions are obtained from the website of Sandia National
Laboratories [35].

An axisymmetric computational domain with 1.5 m length and 15 cm radius has been considered to isolate the effects of
walls on the flame structure, based on the available experimental data. In the present case, grid independent solutions were
established by using 63 nodes in radial direction and 300 nodes in axial direction. Dirichlet and outflow boundary conditions
were applied for the inlet and outlet flows, respectively. The no-slip boundary condition was used for solid walls and zero
normal gradient condition was imposed at the symmetry axis.

5. Results and discussion

The efficiency of ANN in the numerical procedure is considered first. Computational time for the laminar flamelet mod-
eling of DLR flame has been monitored using two methods. The first is the numerical integration of Eq. (7) in the CFD code at
each step of iterations to achieve mean thermo-chemical scalars. The second is to implement the steady flamelet model via
ANN; where numerical integration is performed prior to the execution of the CFD code and a neural network is constructed
over the library yielding mean thermo-chemical scalars.

A comparison of the CPU performance on a 2.66 GHz Pentium IV personal computer confirms that the ANN method is
superior to the direct integration (DI) in the flow solver code. The CPU time for 6 iterations was 79 s when DI was accom-
plished in the main code, whereas the ANN-based approach took 20 s for 38 iterations. Note that the aforementioned CPU
time does not include the time spent on network training. Considering the training time does not violate the superiority
of the ANN-based approach, because of its significant amount of memory and time saving during the execution of the
CFD code. In addition, the computational time for the training procedure is found to be of minor importance when the grid
network is dense, or the number of iterations is notable. An overall reduction factor of 25 has been monitored during several
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numerical experiments, when ANN is used. This demonstrates that the ANN method clearly has the potential to be used
effectively in the turbulent combustion calculations.

Results of the simulation at three axial locations including x/D =5, 20, 40 (D = 8 mm), where x is the axial distance from
the burner, are shown in Figs. 2-6. In these figures, the results of the steady laminar flamelet model with Le # 1 are referred
to as “Flamelet + ANN” model. The experimental data and the unsteady flamelet results (with Le = 1) of Pitsch [38], which are
published for few species and stations, are also shown in these figures (computational results of [38] were not available for
x/D = 20). Simulations were also carried out for the “equilibrium” approach.

Since the focus of the present study was on the evaluation of the ANN-based flamelet model, turbulent flow field predic-
tions were optimized based on mixture fraction data. This involves a slight adjustment of the C,; constant, to obtain the best
fit against radial data profiles, with values of C; falling between the standard value and the revised value of 1.6. Further-
more, the errors caused by the wrongly predicted radial mixture fraction profile are minimized by presenting the radial data

of quantities as a function of the mean mixture fraction.
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Fig. 2. Radial distributions of mean and variance of mixture fraction and profiles of Favre mean mass fractions of H,0, CO, CO, and temperature vs. mean

mixture fraction at x/D = 5.
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Fig. 3. Radial distributions of mean and variance of mixture fraction and profiles of Favre mean mass fractions of H,0, CO, CO, and temperature vs. mean
mixture fraction at x/D = 20.

Fig. 2a and b depict, respectively, the results for radial distributions of mean mixture fraction and its variance close to the
nozzle exit at x/D = 5. One can see in Fig. 2a that there is over-prediction of mean mixture fraction in the region r > 5 mm. The
values of mixture fraction variances in Fig. 2b are also over-predicted by k-¢ model for this region. The above feature of
the mixture fraction and its variance in the first section reveals an over-estimation of mixing when two-equation turbulent
models are applied. This is in accordance with the observations of Tabet et al. [39] for this flame. They stated that modeling
of turbulence in regions with strong density gradients in the turbulent flow field at high velocities could cause the differ-
ences and improvement of mixing is achieved by using the LES approach.

The H,0 profile for the “Flamelet + ANN” model (see Fig. 2c) matches the experimental data, but the results of Pitsch
under-predict the H,O mass fraction, which is mainly due to neglecting the differential diffusion effects, and will be
discussed later.

It is seen in Fig. 2d that CO profile in the steady state flamelet model is slightly under-predicted. As the formation of CO is
slow relative to other species in the radical pool, the steady state model is in fact expected to yield poor agreement.
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The assumption of unity Lewis number in the unsteady flamelet model results in higher CO, level predictions of [38] in
Fig. 2e, whereas the result of the present steady flamelet model (with Le # 1) has better agreement with the data. This can be
attributed to the differential diffusion effects. In the region close to burner exit, the increase of kinematic viscosity, due to
heat release, leads to the laminarization of the turbulent field [36]. Therefore, calculations for CO, mass fractions with Le # 1
assumption are more justified in comparison to Le = 1, both in the fuel-lean and fuel-rich sides. It is interesting to mention
that the transition from laminar-like to turbulent-like region occurs beyond x/D = 5, according to [36].

The temperature profile for the “Flamelet + ANN” approach at x/D =5 (see Fig. 2f) shows very good agreement with the
measured one, mostly due to taking account of the differential diffusion in the flamelet library.

Measured and predicted Favre mean mass fractions and temperatures at x/D = 20 are compared in Fig. 3. The predicted
values of the mean and variance of mixture fraction in this station demonstrate good agreement with experimental data.
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Fig. 6. Radial distributions of mean and variance of mixture fraction and profiles of Favre mean mass fractions of H,0, CO, CO, and temperature vs. mean
mixture fraction at x/D = 40.

It is observed that the equilibrium profiles (Fig. 3c, e and f), which are obtained from CHEMKIN II code [40], deviate sub-
stantially from measurements since it assumes thermal decomposition of methane to take longer than is usually anticipated
in turbulent jet flames, as explained by Meier et al. [36].

Steady flamelet profiles for species mass fractions are in reasonably good agreement with measurements, although the
difference between the calculated and experimental data is larger, when compared to x/D = 5. This deviation is not surpris-
ing, because contrary to what observed in the former location (x/D = 5), the flow regime at x/D = 20 is completely turbulent
and the rate of transport phenomena is governed by turbulent diffusion. It also causes the rate of diffusion of heat and mass
to be similar, and therefore the assumption of Le # 1 leads to poorer results, especially for CO, concentration.

The temperature profile is over-estimated by the Flamelet + ANN approach (Fig. 3f) due to the strong influence of differ-
ential diffusion. The equilibrium model gives higher values at the stoichiometric region associated to the adiabatic temper-
ature (Tyq = 2130 K).
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Fig. 7. Computed contours of mean temperature (K).

Fig. 4 presents CO profile obtained from equilibrium approach compared to experiments and flamelet results at x/D = 20.
The equilibrium model extremely over-predicts CO level in the Z > Z;, region. A possible reason for the behavior is that the
diffusion time in the turbulent flame is not enough to establish an equilibrium solution. However, it is expected that getting
further downstream of the burner, as the strain rate decreases, the equilibrium condition prevails.

Fig. 5 represents the measured and calculated radial profiles of thermo-chemical quantities at x/D = 20. It may be inferred
from Fig. 5a and d that the over-estimation of H,O level in the fuel-lean region is closely tied to the over-estimation of tem-
perature and both profiles follow the same trend, and is consistent with errors in the mean mixture fraction variance at this
station. The deviations between the calculations and the measurements for different species are mainly attributed to the
deficiencies of the turbulence model and differential diffusion. Using Reynolds stress turbulence model can lead to better
predictions of radial profiles [37].

Measured and predicted Favre-averaged species mass fractions and temperature at x/D = 40 are given in Fig. 6. It can be
seen that the results of the unity Lewis number calculations are in better agreement with measurements, which confirm that
differential diffusion is an important factor in influencing the predictions.

Temperature contours are depicted in Fig. 7 to visualize the development of flame inside the domain. It is seen that a high
temperature region is formed around the mixing region, where the stoichiometric mixture fraction is expected, and is trans-
ported to downstream. The temperature pattern is consistent with the typical spreading of a jet in a confined environment.

6. Conclusions

The present paper investigates the performance of the steady laminar flamelet model for a turbulent reacting jet. ANNs
are used to avoid numerical integration for the calculation of mean thermo-chemical quantities in the CFD code. The use of
ANN reduces the computational time and a reduction factor of 25 has been monitored during the execution of the CFD code.

Two-layer networks with sigmoid transfer functions in the hidden layer and linear transfer functions in the output layer
have very good computational capabilities for the prediction of major species and temperature. The ANN-flamelet approach
can be extended to predict minor species profiles like NO and OH by using more hidden layers and optimizing the networks.

In terms of the turbulent mixing field, including the mixture fraction and its variance, there exist deviations between pre-
diction and measurement. These discrepancies are mainly caused by deficiencies in the k-¢ turbulence model. The effect of
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non-unity Lewis number has also been studied. It was shown that non-unity Le number assumption leads to good results
where the laminarization effects are strong, which in the present case occurs only near the inlet nozzle. At downstream loca-
tions, Le = 1 assumption gives better results (especially for CO, mass fraction), as turbulent transport becomes dominant at
these locations. Therefore, non-unity Lewis number assumption is the main cause of discrepancy between species profiles
predicted by Flamelet + ANN model and those in experimental data for downstream locations.

Comparing the present work and the published paper by IThme et al. [20], following conclusions can be drawn:

1. The work by Ihme et al. [20] has been devoted to LES of reactive flows, whereas this work applies ANNs to RANS simu-
lation of non-premixed flames. Therefore, they used one ANN for each quantity, while just one ANN is trained here for the
prediction of all species concentrations and temperature, which results in a lower training time spent. In addition, the
networks of the present work have fewer hidden layers because RANS calculations are typically less sensitive than LES
calculations, where unsteady flow fields are evaluated and a much higher accuracy is required to represent a larger region
of the composition space accurately. Both papers utilize Levenberg-Marquardt learning algorithm.

2. Thme et al. [20] stored all filtered thermo-chemical quantities in a structured table as a function of three scalars (mean
mixture fraction, unmixedness and a reaction progress variable) and assessed the performance of the table in comparison
with optimal networks. They compared data retrieval time from the table and the ANN, contrary to this work where the
time spent for the calculation of mean reactive scalars via ANN is compared against direct integration in CFD code. If we
only compare table and ANN retrieval, tables are slightly more effective because interpolation in a structured table can be
more efficient than computational propagation of information through a connected network and associated evaluation of
the transfer functions.

Comparison of the steady flamelet model results and those from the unsteady flamelet approach demonstrates that the
steady flamelet concept is adequate for most flames without quenching/extinction effects or when slow processes are
insignificant.

The results and discussions lead one to conclude that a combination of optimal neural networks and unsteady flamelet
model would be a good choice for simulating most flames with a good level of accuracy.
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