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Abstract

Fully compressible two-phase flow configurations present many challenges for numerical
modelling, requiring the development of Real Fluid Models (RFMs) able to simulate flows
in subcritical, transcritical and supercritical regimes. Such an RFM has been recently
developed at IFPEN based on physical properties lookup tables, mainly for binary and
ternary chemical systems. This paper proposes an Artificial Neural Network (ANN)
approach to overcome the limitations of lookup tables of thermodynamic properties and
to apply RFM to multi-species combustion. A methodology for generating an optimized
data set by combining a vapor–liquid equilibrium (VLE) thermodynamic solver and the
in situ adaptive tabulation (ISAT) method is developed. It aims to improve the neural
network training process for two-phase combustion simulations where many species are
present. This ANN methodology has been implemented in the CONVERGE CFD solver
and validated using a mixing layer (LOX/GH2) benchmark from the literature relevant to
rocket conditions, and an academic gaseous (H2/O2) case relevant to hydrogen combustion.
The results show that this ANN approach makes H2 combustion simulation possible when
coupled to the RFM framework and using a 10-species kinetic mechanism.

Keywords: neural network; ISAT; subcritical; supercritical; transcritical flow; real fluid
model; VLE; combustion

1. Introduction
Today, injection and combustion of liquid and gaseous fuels such as hydrogen (H2),

ammonia (NH3) and (CH4) at supercritical pressures is a frequently used technique to
improve the efficiency of energy systems and address environmental constraints. This
requires the development of fully compressible two-phase flow solvers able to simulate
flows simultaneously in subcritical, transcritical and supercritical regimes. This article
focuses on the extension of the IFPEN’s Real Fluid Model (RFM) [1–5] to high-fidelity
simulations of multi-component two-phase combustion. In principle, the use of the RFM
framework for the computation of the required physical properties in a CFD solver can
be done through different methods such as direct coupling to vapor–liquid equilibrium
(VLE) solvers, lookup tabulation, or using an Artificial Neural Network (ANN) model.
Direct VLE coupling method can be very expensive in terms of CPU cost [1,2], while
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tabulation may require large memory allocations, making the RFM framework difficult
to apply to combustion, for instance, as the number of chemical species increases. ANNs
have emerged as a highly effective technique for classification and response prediction,
surpassing traditional linear methods like regression analysis. Their superior prediction
abilities have been extensively demonstrated, leading to successful applications in various
domains of engineering and science [6–9]. Indeed, there are already numerous attempts
in the literature to solve similar problems using ANNs. A comprehensive exploration
of the integration of ANN models within the RFM approach for efficiently simulating
complex thermodynamic functions in CFD code for a non-evaporating binary mixture
under transcritical conditions has been carried out in [8]. This work has highlighted the
vast potential of ANNs in the field of multiphase flow and suggests numerous avenues
for further extending their application to multi-component systems. More recently, a
computational framework that integrates ANN with in situ adaptive tabulation (ISAT) to
accelerate and stabilize VLE modeling within CFD simulations has been proposed by [7].

It has been already demonstrated in a previous communication [6,8,9] that ANNs are
suitable and efficient for CFD simulation of the cryogenic LOX/GH2 mixing layer in the
RFM framework.

In this work, an improved ANN method, capable of handling dozens of chemical
species and radicals produced during combustion, is proposed. A key challenge is the
generation of a thermodynamic database that enables a fine-tuned description of the neural
networks. As with all ANN training processes, the dataset is the most critical input and
must be carefully selected. To accomplish this, an ISAT-based sorting tree [7,10] has been
employed. In this study, the proposed RFM-ANN model is applied to the CFD simulation
of gas combustion (H2/O2) in a 0D-like case using a 10-species mechanism. The paper is
structured as follows: Section 2 provides a brief overview of the equations governing the
RFM. Section 3 details the database generation process using ISAT. Section 4 presents the
ANN design methods. Then, two validation cases have been simulated. Section 5 includes
the comparison of different results obtained by the CFD simulation of a mixing layer of
a binary (LOX/GH2/) 2D benchmark case proposed by [11]. Finally, Section 6 discusses
the results of gaseous (H2/O2) combustion simulations, followed by the conclusions in
Section 7.

2. The RFM Governing Equations
The diffused interface two-phase flow model adopted in the current work is a

four-equation model that is fully compressible and considers multi-component in both
phases under the assumptions of thermal and mechanical equilibrium as follows:
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is the viscous stress tensor, (ρ) is the density, (ui) is the velocity, (P) is the
pressure, (e) is the specific internal energy, and (T) is the temperature. In addition, (Yk, hk)
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are the mass fraction and specific enthalpy of species k, respectively. The thermal conduc-
tivity (λ) and the dynamic viscosity (µ) cover laminar and turbulent contributions. The
laminar contribution of (λ, µ) is computed by Chung et al. [12] correlations. The turbulent
conductivity is calculated using a given turbulent Prandtl number and the turbulent viscos-
ity is given by the adopted turbulence model. The laminar and turbulent mass diffusion
coefficients are estimated using a given Schmidt number. Finally,

.
ωk and

.
Q are respectively

the species and energy chemical source terms provided by the kinetics solver SAGE in
CONVERGE v4.1 (see Section I.2 in [13] for discussion on combustion modeling).

Originally, for binary or ternary systems, the RFM is closed by a thermodynamic
equilibrium tabulation method [3–5]. The thermodynamic table is generated using the
in-house IFPEN CARNOT library [5] based on VLE calculations coupled with a real-fluid
equation of state (EoS), such as Peng–Robinson (PR-EoS) and Soave–Redlich–Kwong
(SRK-EoS) [4,5]. The thermodynamic and transport properties of the mixture, such as
the density (ρ), the specific internal energy (e), the heat capacities (Cp, Cv), the speed of
sound (Cs), the thermal conductivity (λ), and the dynamic viscosity (µ) are calculated as a
function of temperature (T), pressure (P), and mass fraction of the species in the mixture
(Yk), and stored into a table.

In addition, the RFM has initially employed a lookup procedure using a multilinear
interpolation on a regularly structured discretization of temperature, pressure and mass
fractions [5]. However, for cases involving more than three species, the size of the generated
table became prohibitively large, leading to excessive memory consumption and computa-
tional overhead. To overcome these limitations, an Artificial Neural Network (ANN)-based
methodology is proposed as an alternative to the traditional tabulation approach. This
ANN framework should enable efficient and scalable CFD combustion simulations, even for
cases involving a large number of species, by significantly reducing storage requirements
while maintaining the thermodynamic and transport properties accuracy, and computa-
tional robustness and efficiency. A typical ANN framework employing an in situ adaptive
tabulation (ISAT)-based sorting tree [10] is described in the following sections.

3. Data Base Generation Using an ISAT Method
To generate the database for the initial binary (O2/H2) system of interest in this study,

CARNOT v10.9 [14] was first used to generate a structured regular table for the system
(O2/H2) in the same way as for the tabulation method used previously in [5], for instance.
The density in the plane P = 105 bar of this regular database is depicted in Figure 1a. It can
be observed in this figure that many points describe the same vapor density solution, and
that in areas where density increases rapidly (near to liquid–vapor phase boundary), the
description will be fragmentary and less refined. We therefore need to adopt a physically
more appropriate strategy for generating training databases. The proposed new strategy is
based on the use of the ISAT method [10] to optimize the size of the database and identify
and better refine high-gradient density regions, as shown in Figure 1b. This method has
the advantage of being able to sort the data on the fly in a binary tree construction.

The function used for the ISAT sorting tree may be written as Z = CARNOT(X), where
X is the input vector (P, T, Yk) and Z is the output vector (ρ, e, Cv, Cp, Cs, λ, µ) obtained
using the in-house CARNOT library.

We will set Xmin and Xmax, the lower and upper limits between which the values of X
will be tested, this means that we limit the pressure between two minimum and maximum
values, and the same applies to temperature and mass fraction. For example, for the case
of two species, H2/O2, we have a pressure range of 90–110 bar, a temperature range of
70–270 K, and a H2 mass fraction ranging from 0 to 1.

https://doi.org/10.3390/fluids11050105
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(a) (b) 

Figure 1. (a) Regular data generation vs. (b) ISAT data generation (isobar scatterplot for P = 105 bar).
(ρ) is the mixture density colored by its magnitude, Y the mass fraction of H2.

The first step is to normalize X and Z. This normalization involves defining a vector
representing an average value, allowing quantities that may not initially be of the same
order of magnitude (such as temperature, pressure, and mass fraction, for example) to be
combined consistently.

Next, the tree is traversed by performing an elementary scalar product, which deter-
mines whether to move to the right or left branch. This process continues until the leaf
node closest to X is reached. At this leaf node, the quantities Xi and Zi are retrieved.

The L2-norm difference between the normalized Z and normalized Zi is then computed.
If this value is smaller than the ε parameter, the pair (X, Z) is considered redundant and is
not added to the database. Otherwise, the pair is deemed relevant and stored in a new leaf.
When a new leaf is created, the previously found leaf (Xi, Zi) is moved and both leaves
are connected through a node storing the midpoint M = (X + Xi)/2 is stored along with a
vector V = (X − Xi)/2 (which will facilitate traversal down the tree via the dot product, see
Figure 2).

 

Figure 2. ISAT procedure to sort the database.
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This process is iterative, and new (X, Z) pairs are generated until a sufficiently large
and complete database is obtained. In practice, between 5 and 10 million input values are
tested, with only about 10% of the data retained using this method, in order to obtain a
representative sampling of the fluid behavior.

Note that normalizing the Z components is essential for properly sorting the Z values.
For example, by reducing the normalizing factor such that Z[0] = ρ, the discretization of
ρ is refined. This is a key aspect for achieving a more reliable neural network capable of
making finer predictions (see Figure 1).

Therefore, by using such an ISAT method, one can immediately observe in Figure 1
that the density (ρ) is described with higher resolution in regions of large gradient values,
whereas flatter regions (plateaux) require fewer data points in the sorted database. In this
context, the number of points required to define the training database was reduced by more
than 50%, from 1,030,301 points which is (101 × 101 × 101) points in the regular database
to 557,277 points in the ISAT-sorted database.

4. Artificial Neural Network Generation
The architecture of the ANN model was systematically optimized using the OPTUNA

software v3.3.0 (see [15] for example). This powerful hyperparameter optimization tool
allowed us to explore a wide range of network configurations and identify the most suit-
able architecture for our specific problem. By leveraging OPTUNA’s automated search
capabilities, we were able to fine-tune key parameters such as the number of layers, the
number of neurons per layer, the activation functions, and the learning rate. This ap-
proach ensured that our ANN models achieved optimal performance while maintaining
computational efficiency. Initially, we employed a single ANN model to predict various
thermodynamic properties, required by computational fluid dynamics (CFD) simulations.
While this approach proved successful for certain parameters, it was insufficient for others,
particularly density (ρ) and specific internal energy (e). These two parameters play a crucial
role in ensuring numerical stability and convergence in CFD simulations as they are closely
related to mass and energy conservation (see Equations (1) and (3)), making their accurate
prediction essential.

The limitations of the single ANN model led us to explore alternative strategies to
enhance the predictive capabilities of our neural network framework. To facilitate the
development of a more robust neural model, we implemented a hybrid solver capable of
running both the RFM tabulation model and the RFM-ANN model simultaneously. This
hybrid approach allowed us to systematically assess and control the error introduced by
the ANN predictions in the CFD computations. By comparing ANN-generated results
with those obtained using the tabulation model, we were able to identify discrepancies
and redefine our ANN accordingly. This validation step was critical in ensuring that the
ANN models did not introduce numerical errors that could compromise the accuracy of
the CFD simulations. Through extensive error analysis, we realized that a single ANN
structure was unable to provide uniformly high accuracy across all target parameters. Some
properties exhibited higher sensitivity to neural network approximations, which led to
greater discrepancies in their predicted values, followed by the CFD solver crash. As a
result, we determined that it was more effective to decompose the ANN output space
into three distinct sets, each handled by a separate neural network. This multi-network
approach allowed for specialized training and optimization of each ANN, ensuring that the
predictions remained as accurate as possible while maintaining computational efficiency.
Dividing the outputs into three separate networks not only reduced overall prediction
errors but also enhanced the stability and robustness of CFD simulations, leading to better
numerical convergence. This multi-network methodology highlights the importance of
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tailoring ANN architectures to the specific requirements of CFD applications, ensuring
both accuracy and computational efficiency in large-scale simulations.

Thus, the first two ANNs are dedicated to predicting the two most critical param-
eters for CFD simulations: density (ρ) and specific internal energy (e), as depicted in
Figure 3. These physical properties are essential for ensuring numerical stability and con-
vergence, making their accurate estimation a priority, as their conservation is required by
Equations (1) and (3). The third neural network is responsible for predicting the remaining
thermodynamic (Cv, Cp, Cs), and transport properties (λ, µ), as illustrated schematically
in Figure 3. By allocating separate networks to different parameter groups, we optimized
each ANN’s learning process to focus on a specific subset of variables. This specialization
allowed for more precise predictions, as each network could be fine-tuned to the unique
characteristics and sensitivities of its respective parameters. Moreover, this multi-network
approach helped mitigate potential sources of numerical error that may arise when attempt-
ing to train a single ANN to handle a wide range of parameters with varying degrees of
complexity. The tailored structure improved generalization across different CFD conditions
while maintaining computational efficiency, ultimately leading to more reliable and stable
simulation outcomes.

Figure 3. Multi-network optimized ANN design using three dedicated models for the density (ρ),
specific internal energy (e) and all other properties.

For training the neural networks, the mean squared error (MSE) is used as the loss
metric. Training is performed sequentially for 1000 epochs, followed by batch training for
3000 epochs. The training is carried out on a single computing node of the supercomputer
(2 × 64 cores, AMD Genoa 9534, Advanced Micro Devices, Inc. (AMD), Santa Clara, CA,
USA) using TensorFlow v2.15.

5. LOX/GH2 Shear Layer Benchmark
In this section, we present the validation of the proposed ANN methodology based

on the CFD simulation of a binary (LOX/GH2) shear layer benchmark proposed by [11].
The boundary conditions and the computational domain are shown in Figure 4. The
thermodynamic and injection conditions are realistic in relation to actual rocket devices.
No velocity fluctuation is imposed on the inlet planes, and the velocity profiles follow
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a (1/7)-power law. Initially, these profiles are mapped along the whole computational
domain. The nozzle lip separator is represented by an adiabatic wall condition. Static
pressure is imposed at the outlet without any sponge layer. The upper and lower limits of
the two-dimensional (2D) domain are given symmetry boundary conditions.

Figure 4. LOX/GH2 shear layer benchmark. (Left) Zoom on the nozzle highlighting the 2D computa-
tional domain. (Right) Computational domain with boundary and initial conditions. This figure is
adapted from [11].

As a first approach, we used an RFM tabulation of thermodynamic and trans-
port properties and compared the simulation results with those obtained using the
proposed ANN.

For the ANN methodology, we used two approaches: the first involved training neural
networks using regular tabulation as a database, and for the second, we used the optimized
database resulting from ISAT sorting, as illustrated in Figure 1. We used the OPTUNA tool
to define the architecture and the size the neural networks as shown in Table 1.

Table 1. Neural Network description.

Neural Network
Description

MLP Layers
(n_Input: Neurons: n_Output)

Activation
Keys Optimizer Learning

Rate
Number of
Parameters

ρ (3: 24: 60: 1) relu Adam 0.001 1657

e (3: 77: 45: 31: 1) relu Adam 0.001 5276

Cv, Cp, Cs, µ, λ (3: 146: 73: 29: 9: 5) relu Adam 0.001 13,781

An in-house NNICE v1.0 inference tool [16] is used to integrate ANN into the CFD
solver. It allows to optimize prediction response times in the context of MLP (multi-layer
perceptron) neural networks.

The first results are shown in Figure 5, where we present the H2 mass fraction during
the simulation for the three kinds of simulation, RFM-TAB for RFM with regular tabular
interpolation, RFM-NN-REG for RFM with Neural Network train with regular table and
RFM-NN-ISAT for RFM with Neural Network train with ISAT-generated database.

https://doi.org/10.3390/fluids11050105
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Figure 5. LOX/GH2 shear layer benchmark. Instantaneous H2 mass fraction view at t = 615 µs for
the three types of simulations: RFM-TAB for RFM with regular tabular interpolation, RFM-NN-REG
for RFM with Neural Network train with regular table and RFM-NN-ISAT for RFM with Neural
Network train with ISAT-generated database.

For more detailed comparison purposes, in Figure 6, the velocity U has been averaged
over time (denoted U) starting from the middle of the simulation (when the flow had
passed through the simulation box between the inlet and outlet several times), for the
three kinds of simulation.

Similar behavior between the reference case, RFM-TAB, and the RFM-NN-ISAT simu-
lation may be noted. This is particularly true for cut plans, but also for snapshot images
(see Figures 5 and 6).

We were unable to perform a run with direct coupling to the CARNOT solver (too
CPU-intensive), so the reference we consider here is the RFM_TAB run, since here we
interpolate the quantities from Carnot directly. Based at Figure 6 (U Slice X = 0.004 m), we
observe a good match between the RFM-TAB simulation and the RFM-NN-ISAT simulation,
much better than that of RFM-NN-REG, the comparison may seem subjective due to their
very similar behavior. It is also important to note that this approach is necessary if we
want to include more species to describe the mixture, particularly if we aim to achieve
combustion including a high number of species. Indeed, as discussed in the Introduction,
for more than three species, it is no longer possible to define a regular table as it would be
too large.

https://doi.org/10.3390/fluids11050105
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Figure 6. LOX/GH2 shear layer benchmark. Average speed (U) values obtained by the different
approaches in different slices. Refer to Figure 5 for the slice position.

This allows us to consider the approach of sorting training data using an ISAT tree
structure as a better approach than RFM-NN-REG.

6. H2/O2 Combustion Test Case
To demonstrate the feasibility of a RFM simulation with combustion, the proposed

RFM-NN-ISAT is used in this section. To do so, a homogeneous reactor is considered with
an initial gas mixture and thermodynamic conditions that allow auto-ignition of the mixture
(initial conditions temperature at 1200 K, pressure at 10,325 Pa, YH2 = 0.0128, YO2 = 0.2543,
YN2 = 0.7329). The selected test case is a 0D homogeneous gaseous (H2/O2) mixture, using
a detailed 10-species kinetic scheme [17]. As the mixture is homogeneous and quiescent,
no turbulence/chemistry interaction takes place. This is why the SAGE detailed chemistry
solver available in CONVERGE CFD v4.1 [13] is used to compute reaction rates between H2

and O2 using local conditions and the fundamental principles of chemical kinetics. Given
the simplicity of this 0D case configuration, which comprises only eight computational
cells, it is possible to use direct coupling with the CARNOT library [14] for the VLE model,
followed by calculations of thermodynamic and transport properties. This enables us to
carry out a comparative analysis by simulating the gaseous (H2/O2) combustion process
using two different approaches: (1) a reference simulation using the SAGE combustion
model directly coupled with the CARNOT library; and (2) simulations using the SAGE
combustion model coupled with the RFM-NN-ISAT framework.

To prepare these simulations, we therefore trained the three neural networks described
above (Figure 3 and Table 2). To validate the approach, we tested the neural networks on a
range of operations relatively close to the optimal solution (with more than 250,000 test
values) to compare the ideal results obtained from the above reference simulation using
CARNOT and those predicted by the three neural networks. The comparison is illustrated
in Figure 7, which shows that the relative error is very small and that this approach is ready
for use in the CFD simulation code.

https://doi.org/10.3390/fluids11050105
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Table 2. Multi-Neural Network description.

Neural Network
Description

MLP Layers
n_Input: Neurons: n_Output

Activation
Keys Optimizer Learning

Rate
Number of
Parameters

ρ 11: 121: 92: 8: 20: 10: 24: 1 relu Adam 0.0006149 14,099

e 11: 176: 83: 54: 150: 180: 41: 1 relu Adam 0.0002676 64,232

Cv, Cp, Cs, µ, λ 11: 146: 146: 43: 9: 5 relu Adam 0.0009973 29,981

Figure 7. CARNOT versus ANN prediction results, colored by relative error.

Using the OPTUNA tool, the neural network architecture and size are defined, as
shown in Table 2.

By conducting these methodology comparisons, we aim to assess the accuracy and
computational efficiency of the neural network method relative to both a high-fidelity
chemistry solver and a direct physics-based approach. Figures 8 and 9 illustrate the
pressure, temperature and species mass fractions histories obtained using both methods.
As observed in these figures, the RFM-NN-ISAT approach successfully models combustion
in the RFM framework. Table 3 presents the execution times, highlighting a significant
reduction (20 time less) in computational time when using the RFM-NN-ISAT approach
compared to the RFM-CARNOT reference case where RFM is coupled directly to CARNOT
using a VLE algorithm for the property’s evaluation. This demonstrates the efficiency gains
achieved through the RFM-NN-ISAT neural network-based approach.

Looking ahead, future implementations will leverage GPU-based inference to further
accelerate ANN computations, drastically reducing the CONVERGE solver time run and
enhancing overall performance.
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Figure 8. (Left) Temperature and (Right) pressure evolution, with the RFM-NN-ISAT and with the
RFM-CARNOT.

Figure 9. Mass fraction evolution for H2/O2/H2O and OH, with the RFM-NN-ISAT and with the
RFM-CARNOT.

Table 3. Simulation runtime comparison.

RFM-NN-ISAT RFM-CARNOT

Execution time 115 s 2300 s

Normalized run time 1 20

7. Conclusions
In this paper, we presented an innovative multi-species real fluid modeling method-

ology using a multi-neural network approach for the simulation of fully compressible
two-phase flows with combustion. The integration of the proposed ANN methodology into
the CONVERGE CFD solver has significantly improved the accuracy and efficiency of the
H2/O2 combustion simulations while drastically reducing computational costs (20 times
less) compared to a VLE algorithm for the property’s evaluation using the CARNOT library.
The use of ISAT for optimized database generation played a key role in enhancing the
performance of the RFM-ANN model by targeting high-gradient thermodynamic regions
while minimizing redundant data. Furthermore, multi-neural network approach has re-
vealed an increased robustness and stability of the simulations, highlighting the importance
of accurately predicting the density and internal energy in a density-based solver. The
results obtained from the combustion of H2/O2 demonstrate that our approach effectively
captures changes in thermodynamic properties and species mass fractions during com-
bustion, whilst offering an efficient alternative which, in our view, performs even better
than conventional tabulation methods, particularly for simulations involving numerous
components. These advancements pave the way for more complex studies considering
realistic two-phase combustion configurations. Ultimately, this methodology could be
extended to other applications in combustion and fluid dynamics, enabling faster and more
accurate modeling of thermodynamic phenomena in complex multi-species environments.
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Nomenclature
The following abbreviations are used in this manuscript:

Symbol Description SI Unit
ANN Artificial Neural Network -
CARNOT(X) Thermodynamic VLE solver -
CFD Computational fluid dynamics -
CPU Computer processing unit s
GH2 Gaseous hydrogen -
ISAT In Situ Adaptive Tabulation -
LOX Liquid oxygen -
RFM Real Fluid Modeling framework -
VLE Vapor–Liquid Equilibrium -
X ANN input vector (P, T, Yk) -
Xmin Lower limit input vector (Pmin, Tmin, Ykmin) -
Xmax Upper limit input vector (Pmax, Tmax, Ykmax) -
Z ANN output vector (ρ, e, Cv, Cp, Cs, λ, µ) -
Cp Specific heat capacity at constant pressure J·kg−1·K−1

Cv Specific heat capacity at constant volume J·kg−1·K−1

Cs Speed of sound m·s−1

e Specific internal energy J·kg−1

hk Specific enthalpy of species k J·kg−1

p, P Pressure Pa
T Temperature K
u Velocity vector m·s−1

Yk Mass fraction of species k -
λ Thermal conductivity W·m−1·K−1

µ Dynamic viscosity Pa·s
τ Viscous stress tensor Pa
ρ Mixture density kg·m−3
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