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Data in combustion science and engineering

§ Thermo-chemical properties
› Formation enthalpies 
› Thermodynamic properties
› Transport properties
› Phase properties
› Rate parameters

Fischer, Dryer, Curran, Int. J. Chem. Kinet. 32: 713–740, 2000
McBride, Zehe, Gordon, NASA/TP—2002-211556m 2002
Ruscic et al. J. Phys. Chem. A 108 (45), 9979-9997, 2004
NIST Chemistry Webbook
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Data in combustion science and engineering

§ Sensors and actuators
› System prognostics 
› Health monitoring 
› Stall and flow control
› Clearance
› Emissions
› Cooling 

Garg et al., ASME GT2010-22685, 2010

20 TB × 2 × 6 × 20,000

= 4.8 EB/day

Data per engine 
and hour

Twin-engine
Boeing 737

6h flight: 
JFK àLAX

USA daily 
commercial  flights
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Data in combustion science and engineering

§ Satellite observations
› Wildfires 
› Vegetation, fuel density
› Moisture, humidity
› Emissions, pollutants
› Smoke 

Ustin and Middleton, Ecol. Proc. 10, 2021.

> 1TB/day/satellite 
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Data in combustion science and engineering

Ihme, Chung, and Mishra, Prog. Energy Combust. Sci. 91, 101010, 2022

1000 x 
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Data in combustion science and engineering

Challenges 
§ Data limited to specific operating 

conditions, fuels, and geometries
§ Lack of data for complex 

combustion conditions
§ Data accessibility
§ Prevailing domain knowledge

Complexity 

Da
ta
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Data in combustion science and engineering

Challenges 
§ Well-established theoretical 

foundation of thermofluid flows
› Thermodynamic principles
› Conservation relations
› Law of mass action

§ Solution limited by 
› Wide range of scales 
› Chemical complexity 
› Incomplete knowledge of 

constitutive relations
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Knowledge discovery paradigms

Available knowledge 
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Knowledge-guide data-driven approaches
• Achieve physical consistency
• Improve generalizability 
• Consider incomplete/imperfect data
• Require less data
• Have better accuracy and robustness 
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Questions and overview
How can combustion science and engineering embrace ML advances?
§ Review ML methods
§ Leverage of knowledge and data
§ Applications: Fundamental combustion science, propulsion and energy 

conversion, Hazards and safety management

What are unique challenges in applying ML to combustion? 
§ Data sets
§ Integration of domain knowledge 
§ Uncertainty quantification and generalizability 
§ CombML-specific methods and techniques



ML Methods
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Machine learning methods for combustion

§ Machine learning: enable computer-based systems to infer predictive 
models from data

§ Learning: ability of an algorithm to progressively improve its performance 
in specific task by processing data and information (in absence of 
domain knowledge)
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Machine learning methods for combustion

Machine learning

Q-learning
State-action-reward-
  state-action
Deep Q-learning
Deep deterministic
  policy gradient

Semi-supervised learning

Reinforcement learning Generative approaches
Generative adversarial
  network
Variational autodecoders
Boltzmann machine

Gaussian mixture models
K-means
Mean shift
Spectral clustering

Unsupervised learning

Clustering Dimensional reduction
Principal component
  analysis
Factor analysis
Autoencoder
Stochastic neighbor 
  embedding

Logistic regression
Classification trees
Random forests
Neural networks
Support vector machines

Supervised learning

Classification Regression
Linear regression
Regression trees
Random forests
Neural networks
Gaussian processes

Input Output

Label

Input Output Input Output

Reward

Relate labeled input to unknown output Identify pattern and discover structures Learn from partially labeled data or through 
interaction with environment

- Representation of fuel properties, thermochemical
  response functions, and potential energy surfaces
- Parameterization of combustion manifolds
- Prediction of risk occurrence and critical events
- Combustion-closure modeling 

- Characterization of combustion regimes
- Identification of low-dimensional manifolds
- Discovery of structures and coherent features  
- Detection of anomalies and faults
- Signal processing 

Q-learning
State-action-reward-
  state-action
Deep Q-learning
Deep deterministic
  policy gradient

- Optimization and control of combustion systems
- Data augmentation and data generation
- Generative combustion modeling
- Robust combustion modeling
- Operation with incomplete data 

ApplicationsApplicationsApplications
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Machine learning methods for combustion
A generic supervised learning algorithm

Physics-based relationship

Measured data

Hypthesis set

Optimization
Optimal hypothesisError measure Predictive model

with expected accuracy

New data

Predictions
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Machine learning methods for combustion
Learning problem: polynomial approximation of flame-speed for CH4/Air 

mixture at ambient conditions
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Machine learning methods for combustion
Learning problem: polynomial approximation of flame-speed for CH4/Air 

mixture at ambient conditions
Generalization error: 
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Underfitting: low variance, 
high bias 

Overfitting: high variance, 
low bias 
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Supervised learning methods
§ Learning from collection of labeled input/output data, 𝑥, 𝑦 ! !"#

$ , to 
predict outcome: %𝑦 = 𝑓(%𝑥)

§ Learning tasks: regression, classifications
§ Algorithms

› Logistic regression
› Decision tree and random forest
› Neural networks 
› Support vector machines
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Supervised learning methods
Logistic regression
§ Binary classification of learning 

data 𝑥, 𝑦 ! !"#
$ with 𝑦! ∈ 𝜓# = 0, 𝜓% = 1

with non-linear transfer function 

§ Determine model parameters 𝜃 = 𝑤, 𝑏 & by minimizing likelihood 
function: 𝐿 𝑦 𝜃 = ∏ %𝑦!

'! 1 − %𝑦! #('!
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Supervised learning methods
Logistic regression

§ Application
› Classification of irregular 

combustion ignition conditions
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Grogan and Ihme, Shockwave, 28 , 941-954,  2018
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Supervised learning methods
Logistic regression

§ Application
› Classification of irregular 

combustion ignition conditions
› Prediction of fire occurrence and

fire risk assessment 

Preisler et al. Int. J. Wildland Fire,  13, 133-142, 2004
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Supervised learning methods
Logistic regression

§ Remarks and limitations 
› Pre-determined hypothesis
› Linear separability of feature space
› Limitation in representing non-linear

decision boundaries
› Fundamental building block of 

neural networks
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Supervised learning methods
Decision trees 

§ Partition feature space into hypercuboids
§ Representation of arbitrarily complex

relationships
§ Learning and branching based on impurity 

measure (Gini index)
§ High degree of interpretability through 

feature importance score 
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Supervised learning methods
Decision trees 

§ Challenges: Reduce overfitting 

Random Forest
§ Strength of weak learnability: Reduce 

variance and maintain low bias by 
combining decision trees into 
random forests 
› Not prone to overfitting
› Maintain benefits of decision trees
› Cost scales with number of decision trees!

https://ai-pool.com/a/s/random-forests-understanding
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Supervised learning methods
Neural Networks

§ Mimics neural brain structure 
through dense set of inter-
connected neurons

§ Fundamental building block: logistic
regression à Multilayer 
perceptrons

Input Layer Hidden Layers Output Layer

<latexit sha1_base64="6811LCbGdT/eJKBknBjICAWNhvo="></latexit>
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Supervised learning methods
Neural Networks

§ Specialized network architectures 
› Deep neural networks
› Convolutional neural networks
› Recurrent neural networks
› Graph neural networks 

https://www.asimovinstitute.org/neural-network-zoo/
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Supervised learning methods
Classification of ignition behavior in C12H26/air mixture

https://github.com/IhmeGroup/CombML_Tutorials
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Supervised learning methods
Classification of ignition behavior in C12H26/air mixture

https://github.com/IhmeGroup/CombML_Tutorials
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Supervised learning methods
Classification of ignition behavior in C12H26/air mixture

https://github.com/IhmeGroup/CombML_Tutorials



CombML Application
D A T A  A S S I S T E D  

C O M B U S T I O N  M O D E L I N G

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Maximal Information Coefficient

Progress variable C̃
Mixture fraction Z̃

||∇Z̃ ||2
Density ρ̄

Local Prandtl number Pr∆
Local Reynolds number Re∆

||∇C̃ ||2
Thermal conductivity λ

Temperature T̃
Dynamic viscosity µ

Pressure p̄

|∇Z̃ ·∇C̃|
Turbulent viscosity µt

Turbulent thermal conductivity λt

Radial velocity ũr

Axial velocity ũx
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Motivation
§ High-fidelity simulations of turbulent reacting flows can incur high 

computational costs
§ Local assignment of combustion models that are consistent with 

underlying physics and accurately describe quantities of interest
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Motivation
§ Large-eddy simulations enable predictions of complex combustion 

processes through solution of filtered conservation equations:

§ High computational costs arises from:
› Many species 
› Multiple scales and chemical stiffness
› Closure models for turbulence chemistry interaction and turbulent 

transport

where · denotes a filtered quantity and e· is a Favre-filtered quantity. After filtering, the
governing equations become:

@t⇢+ r · (⇢eu) = 0 (4a)
@t(⇢eu) + r · (⇢eueu) = �r · (pI) + r · (⌧ v + ⌧ sgs) (4b)

@t(⇢eet) + r · [eu(⇢eet + p)] = �r · (qv + qsgs) + r · [(⌧ v + ⌧ sgs) · eu] (4c)

@t(⇢eYk) + r · (⇢eueYk) = �r · (jv + jsgs) + !̇k where k = 1, 2, ..., Ns � 1 (4d)

with superscript sgs denoting subgrid-scale quantities. Exact subgrid-scale quantities can
then be extracted directly from the filtered DNS or approximated through the models de-
scribed in Section 4.

The Peng-Robinson cubic state equation [19] is employed to model real-fluid thermody-
namics under transcritical conditions:

p =
⇢RT

1 � b⇢
�

a⇢
2

1 + 2b⇢ � b2⇢2
(5)

with mixture-specific gas constant R. The coefficients a and b account for effects of in-
termolecular forces and volumetric displacement, and are dependent on temperature and
composition [20]. Details regarding the evaluation of specific heat capacity, internal energy,
and partial enthalpy from the Peng-Robinson state equation is described in Ma et al. [21]

In this study, the two-step five-species CH4-BFER mechanism [22] is employed, which
has been applied to investigate a supercritical gas-turbine combustor at 20 MPa [23]. In DNS
of trans- and supercritical combustion, reduced chemical mechanisms [24, 25] have been em-
ployed to circumvent large computational costs incurred by solving non-ideal state equations.
Takahashi’s high-pressure correction [26] is used to evaluate the binary diffusion coefficients.
Since only two species are used in the inert simulations, the binary diffusion coefficients are
exact. Thermal conductivity and dynamic viscosity are evaluated using Chung’s method
with high-pressure correction [27]. For multi-species mixtures in the reacting cases, Chung’s
pressure correction is known to produce oscillations, especially for dynamic viscosity. Hence,
transport properties of the mixture are evaluated through mole-fraction-averaging of indi-
vidual species. A similar approach has been applied in prior studies [5, 12].

Simulations are performed by employing an unstructured compressible finite-volume
solver [21, 28, 29]. A central scheme, which is 4th-order accurate on uniform meshes, is
used along with a 2nd-order ENO scheme. The ENO scheme is activated only in regions
of high local density variations using a threshold-based sensor to describe sharp interfaces
present in transcritical flows. Due to the density gradients present at trans- and supercritical
conditions, an entropy-stable flux correction technique [21] is used to dampen non-linear in-
stabilities in the numerical scheme. The double-flux method by Ma et al. [21] is used with a
dynamic sensor to eliminate spurious pressure oscillations. A Strang-splitting scheme is em-
ployed for time-advancement, combining a strong stability preserving 3rd-order Runge-Kutta
(SSP-RK3) scheme for integrating the non-stiff operators with a semi-implicit scheme [30]
for advancing the chemical source terms.
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Combustion modeling
Topology-based combustion models
✓ Lower computational cost
! Strong dependency on combustion 

regime and flame structure
! Require pre-computation and 

tabulation
• Examples: flamelet-type models (FPV, 

FPI, FGM, etc.)

Topology-free combustion models
✓ Weak dependency on combustion 

regime and flame structure
✓ On-the-fly evaluation of modeled 

species
! Higher computational cost
• Examples: DRG, PFA, QSS, PE, 

RCCE

neglected; buoyancy thus is important for fires but not for combustors. The figure suggests the potential relevance

of length scales from a few microns to a few meters, a wide range.

The information in Fig. 1 is dimensional and makes no reference to combustion time scales. Figure 2 is a

nondimensional regime diagram that includes information concerning a combustion time2. Its horizontal scale is the

Reynolds number lR based on the integral scale of turbulence, a few values of which have been shown in Fig. 1,

and its vertical scale is a Damköhler number lD also based on the integral scale of the turbulence, that is, the ratio

of a large-eddy characteristic turnover time lτ to a suitable chemical time τc for the combustion. This chemical

time is taken to be a measure of the transit time through a premixed laminar flame, the ratio of the thermal

Fig. 2 Regimes of turbulent combustion in a diagram of a turbulence Reynolds number lR and a Damköhler
number lD , both based on the integral scale of the turbulence.
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Problem with ML-based regression
• Physical models versus data-driven models: conservation laws versus 

complex cross-correlations
• Data-driven models may violate physics during extrapolation tasks
• Data driven models are prone to numerical instability

• Use data-driven method to assist the selection of low-fidelity physics-
based model through classification

Solution?
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Objective
• Finite rate chemistry (FRC) is very accurate but computationally expensive
• Flamelet Progress Variable (FPV) model cannot capture thermal boundary layers
• Use ML to improve on FPV simulations at a lower cost than FRC.

FRC

FPV

(a) Monolithic FRC simulation.

(b) Monolithic FPV simulation.

Figure 2: Temperature, CO mass fraction, and mixture fraction fields (from top to bottom) for (a) monolithic
FRC and (b) monolithic FPV simulations. Upper half: instantaneous fields, bottom half: time-averaged
fields. The location of the stoichiometric mixture, eZst = 0.2, is shown by black lines.

1. Generate data either from experimental measurements or numerical simulations. In
this work, we use the instantaneous flow-field solutions from the FRC simulation of
the GOX/CH4 rocket combustor as learning dataset, discussed in Section 3.

2. Assign labels to the training data. Prior to training, each training datapoint is typically
assigned a true response. In this work, we present a multiclass classification problem
for optimal assignment of three combustion models Y = {IM, FPV, FRC}. Hence, we
use the local combustion submodel error of two essential local QoIs, namely T and
YCO, to programmatically assign labels. Details are presented in Section 4.1.

3. Construct the feature vector x 2 X . In this work, we apply a feature selection method
based on the Maximal Information Coefficient (MIC) [62], as discussed in Section 4.2,
to construct a feature set consisting of local thermophysical quantities that include
the mixture fraction, progress variable, density, local Prandtl number, and Euclidean
norm of the mixture fraction gradient, viz., x = [ eZ, eC, ⇢, eT , Pr�, kr eZk2].
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Configuration
§ Based on TUM GOX/GCH4 single element rocket combustor 
§ 2×10) cells, axisymmetric domain, with minimum cell size of 30 µm

Silvestri, Celano, Haidn, and Knab, EUCASS (2015)
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Data-assisted LES
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Constructing training labels/output
Error between different submodels for 𝛼 = {$𝑇&, 𝑌!"}

the models of lower fidelity [6]:

✏yQ =
X

↵2Q

w↵
|↵FRC � ↵y|
k↵FRCk1

with y 2 {FPV, IM} , (2)

where the error for considering N number of quantities-of interest (QoIs) is a weighted
linear combination of each individual submodel error. The weights for each QoI w↵ is
subject to the following constraints:

PN
↵2Q w↵ = 1 and w↵ � 0. In this study, we investigate

both independent and combined use of temperature and CO mass fraction as QoIs. In the
combined use of both temperature and CO mass fraction, Q = {eT , eYCO}, both QoIs are
equally weighted: wT = 0.5 and wCO = 0.5. Temperature eT is chosen as a proxy to describe
the combustion efficiency and engine performance. The CO mass fraction, eYCO, is chosen to
challenge the deficiencies of tabulation methods in capturing intermediate species [7].

FRC data is used to reconstruct FPV and IM quantities of interest ↵ 2 Q by interpolating
the generated flamelet tables using reconstructed values of mixture fraction and progress
variable:

↵y ⇡ ↵y
table

( eZFRC, eCFRC) where y 2 {FPV, IM} . (3)

The mixture fraction is computed using Bilger’s definition [43], while the progress variable is
computed using the sum of major combustion products, as described in Section 2.2. Labels
are assigned programmatically as demonstrated in Algorithm 1. In this algorithm, a model
of higher fidelity is assigned when the QoI submodel error ✏yQ exceeds a user-defined threshold
✓yQ, with FRC chosen when all conditions for selecting FPV and IM are not met. While ✓FPV

Q

and ✓IM

Q can be assigned distinct values, throughout this study we will explore cases that
use the same threshold for both IM and FPV, viz., ✓IM

Q = ✓FPV

Q = ✓Q for simplicity.

if ✏IMQ < ✓IM
Q then

use inert mixing (IM)
else if ✏FPV

Q < ✓FPV
Q then

use tabulated chemistry (FPV)
else

use finite-rate chemistry (FRC)
end

Algorithm 1: Assigning labels in the training set.

4.2. Feature selection
Adding uninformative features to the learning dataset can reduce accuracy and compu-

tational efficiency of learning algorithms [44]. Additionally, carrying out appropriate feature
selection beforehand can improve the interpretability of the predictions of the trained model.
To this end, feature selection can be used for selecting the most descriptive and discrimi-
native features from the raw dataset to use as inputs for our learning algorithms. In this
work, we select features from local quantities and group parameters that can characterize
the reacting flow, combustion state, and turbulence.
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Figure 6: Training data for two different combustion submodel error thresholds ✓{T,CO}.

FRC assignment, with the rest being described by the FPV model. Constraining the tem-
perature model threshold ✓T = 0.02 results in FRC assignment in 62% of the domain, with
IM assignment remaining unchanged.

Using eYCO as QoI and a model threshold of ✓CO = 0.05 results in greater (18% of the
domain) IM assignment, since the CO mass fraction in most of the oxidizer core is close to
zero. FRC is assigned to 34% of the domain. Reducing the CO model threshold ✓CO = 0.02
results in 47% FRC assignment, with IM assignment unchanged. Finally the combined use
of both temperature and CO mass fraction as QoI, Q = {eT , eYCO}, results in submodel
assignment with combined characteristics of employing each individual QoI. ✓T,CO = 0.05
results in 31% FRC assignment within the domain, while ✓T,CO = 0.02 results in 52% FRC
assignment. The submodel assignments for each case are summarized in Table 2.

Table 2 also summarizes the true classification of random forests for the six different
cases. Here, true classification is defined as the percentage of classifier assignments that
correctly match the true output responses evaluated directly from simulation data. The
true classification fraction range from approximately 0.7 to 0.8, which is comparable to the
use of random forests on another classification problem in a flow physics context [55]. Higher
true classification can be achieved through the use of complex deep learning classifiers, which
requires (i) more elaborate efforts than the random forests in hyperparameter tuning and
(ii) much larger datasets for good performance, and should be subject to further study.

Table 2: A priori analysis of classifier, summarizing submodel assignment and assignment accuracy.

Case ✓T=0.05 ✓CO=0.05 ✓T=0.02 ✓CO=0.02 ✓{T,CO}=0.05 ✓{T,CO}=0.02
Model assignment (IM:FPV:FRC) 5:67:28 5:33:62 18:48:34 18:35:47 6:63:31 6:42:52
True Classification 0.774 0.725 0.756 0.715 0.753 0.734

We observe that model assignment in all six cases is not spatially smooth, and that model
assignment appears speckled. This is because the smoothness of classification boundaries
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Feature/input selection
§ Use Maximal Information Coefficient (MIC) to select most relevant input
§ MIC is a correlation measure for nonlinear data, similar to R2 measure
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Maximal Information Coefficient

Progress variable C̃
Mixture fraction Z̃

||∇Z̃ ||2
Density ρ̄

Local Prandtl number Pr∆
Local Reynolds number Re∆

||∇C̃ ||2
Thermal conductivity λ

Temperature T̃
Dynamic viscosity µ

Pressure p̄

|∇Z̃ ·∇C̃|
Turbulent viscosity µt

Turbulent thermal conductivity λt

Radial velocity ũr

Axial velocity ũx
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A posteriori results
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A posteriori results: Extrapolation task?
§ For a modified configuration with 3x inlet mass flow rate
§ Method demonstrates ability to generalize for different configurations
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Data-assisted combustion model 
• Classification can be used to locally assign combustion models
• Overall desired fidelity can be controlled during labelling
• DA simulations outperform monolithic FPV and monolithic FRC simulations in 

accuracy and cost, respectively
• Random forest and neural networks demonstrate similar accuracy a priori, but 

show different behavior
• Neural networks have a more contiguous assignment than random forests a 

posteriori.

Further advances
• Inclusion of generic physical laws during labeling and training
• Extend submodel selection to turbulence modeling, and equation of state.



Modifying ML for 
Combustion Science 

and Engineering
K N O W L E D G E - G U I D E D  D A T A -

D R I V E N  M E T H O D S

TrainingLoss function ML model

Test data

Predictions

Training data

Option 2: Knowledge-guided data augmentation 

Option 1: Knowledge-
guided loss function 

Option 3: Knowledge-
guided ML architecture 

Option 4: Knowledge-
guided modeling 
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Knowledge-guide data-driven approaches
• Achieve physical consistency
• Improve generalizability 
• Consider incomplete/imperfect data
• Require less data
• Have better accuracy and robustness 



44 Knowledge-guided ML for combustion science and 
engineering
Leverage domain knowledge to reduce dependence on (label) data

TrainingLoss function ML model

Test data

Predictions

Training data

Option 2: Knowledge-guided data augmentation 

Option 1: Knowledge-
guided loss function 

Option 3: Knowledge-
guided ML architecture 

Option 4: Knowledge-
guided modeling 
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Motivation
§ Large-eddy simulations enable predictions of complex combustion 

processes through solution of filtered conservation equations:

§ High computational costs arises from:
› Many species 
› Multiple scales and chemical stiffness
› Closure models for turbulence chemistry interaction and turbulent 

transport

where · denotes a filtered quantity and e· is a Favre-filtered quantity. After filtering, the
governing equations become:

@t⇢+ r · (⇢eu) = 0 (4a)
@t(⇢eu) + r · (⇢eueu) = �r · (pI) + r · (⌧ v + ⌧ sgs) (4b)

@t(⇢eet) + r · [eu(⇢eet + p)] = �r · (qv + qsgs) + r · [(⌧ v + ⌧ sgs) · eu] (4c)

@t(⇢eYk) + r · (⇢eueYk) = �r · (jv + jsgs) + !̇k where k = 1, 2, ..., Ns � 1 (4d)

with superscript sgs denoting subgrid-scale quantities. Exact subgrid-scale quantities can
then be extracted directly from the filtered DNS or approximated through the models de-
scribed in Section 4.

The Peng-Robinson cubic state equation [19] is employed to model real-fluid thermody-
namics under transcritical conditions:

p =
⇢RT

1 � b⇢
�

a⇢
2

1 + 2b⇢ � b2⇢2
(5)

with mixture-specific gas constant R. The coefficients a and b account for effects of in-
termolecular forces and volumetric displacement, and are dependent on temperature and
composition [20]. Details regarding the evaluation of specific heat capacity, internal energy,
and partial enthalpy from the Peng-Robinson state equation is described in Ma et al. [21]

In this study, the two-step five-species CH4-BFER mechanism [22] is employed, which
has been applied to investigate a supercritical gas-turbine combustor at 20 MPa [23]. In DNS
of trans- and supercritical combustion, reduced chemical mechanisms [24, 25] have been em-
ployed to circumvent large computational costs incurred by solving non-ideal state equations.
Takahashi’s high-pressure correction [26] is used to evaluate the binary diffusion coefficients.
Since only two species are used in the inert simulations, the binary diffusion coefficients are
exact. Thermal conductivity and dynamic viscosity are evaluated using Chung’s method
with high-pressure correction [27]. For multi-species mixtures in the reacting cases, Chung’s
pressure correction is known to produce oscillations, especially for dynamic viscosity. Hence,
transport properties of the mixture are evaluated through mole-fraction-averaging of indi-
vidual species. A similar approach has been applied in prior studies [5, 12].

Simulations are performed by employing an unstructured compressible finite-volume
solver [21, 28, 29]. A central scheme, which is 4th-order accurate on uniform meshes, is
used along with a 2nd-order ENO scheme. The ENO scheme is activated only in regions
of high local density variations using a threshold-based sensor to describe sharp interfaces
present in transcritical flows. Due to the density gradients present at trans- and supercritical
conditions, an entropy-stable flux correction technique [21] is used to dampen non-linear in-
stabilities in the numerical scheme. The double-flux method by Ma et al. [21] is used with a
dynamic sensor to eliminate spurious pressure oscillations. A Strang-splitting scheme is em-
ployed for time-advancement, combining a strong stability preserving 3rd-order Runge-Kutta
(SSP-RK3) scheme for integrating the non-stiff operators with a semi-implicit scheme [30]
for advancing the chemical source terms.
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Motivation
Develop SGS closure models for 

high-pressure combustion 
environments using ML 
methods?

Can we extract physical insight from 
ML methods?

§ LOX-GCH4 engines operate 
under transcritical condition

§ SGS Models traditionally been 
developed for incompressible 
flows.
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Problem formulation 
Computational Setup
§ DNS: 1283 domain and ∆𝑥 = 𝑂(𝜂2)
§ Diffuse Interface Method
§ Peng-Robinson Cubic EoS
§ CH4/O2 chemistry: 5-species
§ Initial conditions: von Karman/Pao 

spectrum and decaying turbulence
§ Initial scalar flowfield initialized 

with 1D counterflow diffusion flame

3. DNS Configuration

Inert and reacting direct numerical simulations are performed on a three-dimensional
cubic domain, with length L, of LOX/GCH4 mixture shown in Fig. 1. In this setup, a
spherical liquid oxygen core, with a radius r = 0.25L, is initialized in gaseous methane, where
the radial profile of the initial conditions is chosen to match one-dimensional calculations
of inert and reacting mixtures under the same conditions. Fuel and oxidizer temperatures,
TCH4 and TO2 have been set at 120 K and 300 K, respectively, while the pressure is set at 10
MPa. These operating conditions are chosen to match practical LOX/GCH4 combustors,
and were investigated in previous studies [31, 32]. Periodic boundary conditions are used
for all boundaries in the inert case. In the reacting cases, non-reflecting pressure outlets are
used in both boundaries in the x-direction, while remaining boundaries are periodic.

Figure 1: DNS investigated at initial time t = 0 and one eddy turnover time t = tI . Isosurface shows
stoichiometric mixture fraction Z = 0.2 for the inert case.

The initial velocity profile was generated with a synthetic isotropic turbulence generator
by Saad et al. [33] with zero mean velocity, based on the von Kármán-Pao energy spectrum:

E() = ↵
u
02

I

(/I)4

[1 + (/I ]17/6
exp

"
�2

✓


⌘

◆2
#
, (6a)

↵ = 1.453, (6b)
I = 0.746834/lI , (6c)

where u
0 is the RMS velocity,  is the wave number, and ⌘ the Kolmogorov wave number.

The chosen scaling constant ↵ and large-eddy wavenumber I are typical for isotropic tur-
bulence [34]. In all cases, the integral lengthscale lI and root-mean-squared (RMS) velocity

5
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(a) Case Da = 10 at initial time t = 0.

(b) Case Da = 10 at eddy turnover time t = tI .

(c) Case Da = 780 at eddy turnover time t = tI .

Figure 4: Axial velocity u1, mixture fraction Z, and conditional temperature T for the reacting cases at
transverse location z = 0.

By rearranging and Favre-filtering, we obtain:

eT = p · (⇢R⇣)�1
:

(10)
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Initialization After 1 Eddy-turnover time
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A priori analysis: Steps
§ Apply box-filtering on DNS:

§ Extract exact term:

§ Model SGS term with ML models
§ Trained at 𝑡 = 𝜏
§ Tested at 𝑡 = 1.5𝜏

§ Compare modeled SGS terms with exact terms with Pearson Correlation
§ 0 = Weak Correlation, 1 = Strong correlation

Table 1: Summary of DNS cases.

Case Nx,y,z Lx,y,z [µm] Ret lI [µm] ⌘k [µm] � [µm] tI [µs]
Inert 128 500 80 62.5 2.32 3.91 286
Da = 780 128 500 80 62.5 2.32 3.91 286
Da = 10 128 60 80 7.50 0.278 0.469 4.12

4. Subgrid-scale models and data-driven methods

In this study, we employ conventional algebraic and data-driven methods for predicting
the subgrid-scale fluxes from the LES momentum equation (Eq. (4c)):

⌧
sgs
ij = ⇢(guiuj � euieuj) (8)

Two algebraic SGS models, namely the Vreman and the gradient model, and random forest
regressors are evaluated. Additionally, we demonstrate the employment of random forest
feature importance scores for assisting the discovery of algebraic SGS models by sparse
regression.

4.1. Algebraic models
The Vreman SGS model [7] is derived from the eddy-viscosity hypothesis:

⌧
sgs
ij ' �2⇢⌫SGS eSij +

1

3
⌧kk�ij, (9)

where Sij is the velocity strain tensor, and �ij is the Kronecker delta. The eddy viscosity
⌫SGS is evaluated for a filter width � as follows:

⌫SGS = Cv

s
B

aijaij
, (10a)

aij =
@eui

@xj
, (10b)

B = �11�22 � �
2
12 + �11�33 � �

2
13 + �22�33 � �

2
23, (10c)

�ij = �
2
akiakj, (10d)

where a Vreman coefficient Cv of 0.07 is typically used in isotropic turbulence.
The gradient model by Clark et al. [8] is extracted from the first term in the Taylor series

expansion of the filtering operation, and is given by:

⌧
sgs
ij ⇡ ⇢Cg�

2 @eui

@xk

@euj

@xk
, (11)

where a coefficient Cg of 1/12 is typically used when a top-hat filter is employed. In the
present study, we wil evaluate both models and compare results against DNS data and a
data-driven approach.
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bulence. In the present work, we perform DNS calculations of inert and reacting LOX/GCH4
non-premixed mixtures in the presence of decaying turbulence, under different Da, in order
to evaluate algebraic and data-driven models for predicting unclosed SGS stresses under
high pressure. Within this context, this a priori study has the following objectives:

• To identify and quantify limitations of conventional algebraic SGS models in trans-
critical flows.

• To evaluate the insight gained from the random forest, an interpretable machine learn-
ing algorithm, in constructing a data-informed, interpretable SGS model.

The mathematical models for simulating the turbulent transcritical flows are presented in
Section 2. Details regarding the DNS configuration are discussed in Section 3. Section 4
describes the SGS models and data-driven methods employed in the present work. Results
from this a priori study are discussed in Section 5, before offering concluding remarks in
Section 6.

2. Mathematical Models

The governing equations that are solved in the present study are the conservation equa-
tions for mass, momentum, energy, and chemical species:

@t⇢+ r · (⇢u) = 0 (1a)
@t(⇢u) + r · (⇢uu) = �r · (pI) + r · ⌧ v (1b)

@t(⇢et) + r · [u(⇢et + p)] = �r · qv + r · [(⌧ v) · u] (1c)
@t(⇢Yk) + r · (⇢uYk) = �r · jv + !̇k where k = 1, 2, ..., Ns � 1 (1d)

with density ⇢, velocity vector u, pressure p, specific total energy et, stress tensor ⌧ , and
heat flux q. Yk, jk, and !̇k are the mass fraction, diffusion flux, and source term for the k

th

species, while subscript v denotes viscous quantities.
In the a priori analysis carried out in this study, a top-hat filter H with a desired filter

size � is applied on a arbitrary quantity � from the DNS data through a volume integral:

�(x) =

Z

V

�(x)H(x � y,�)dy (2a)

H(x � y,�) =

(
1
�

for |x � y|  �/2,

0 otherwise.
(2b)

and Favre-averaged quantity:
e� =

⇢�

⇢
(3)

3

Velocity (DNS)

filtering

Velocity (filtered DNS)

Input (Features) Output (Labels)

data for the random forests employed in this study. All random forests are trained with
snapshots at one eddy turnover time t = tI and tested on the three cases at t = 1.5tI .

For SGS stresses, two different sets of feature, or inputs, are employed to train the ran-
dom forests. One feature set corresponds to a domain-blind random forest RF_BLIND,
consisting only of velocity, and the first and second spatial derivatives of velocity. The other
set considers Galilean invariant basis functions constructed from strain eSij and rotation eRij

tensors as features, shown to predict anisotropy well in a previous study [47]. These Galilean
invariant features are used to train the random forest RF_INFORM. In order to investi-
gate the generalizability of random forests in the absence of a vast representative dataset,
we evaluate the predictive performance of three additional random forests RF_INERT,
RF_DA780, and RF_DA10, which are trained solely from the inert, Da = 780, and Da
= 10 cases, respectively.

In addition, we also examine the performance of random forest in predicting thermo-
dynamic quantities. Since SGS temperature is significant for reacting transcritical cases,
training and testing data for RF_TSGS are taken from the two transcritical reacting cases.

Table 2: Random forests employed in this study.

Random forest RF_INFORM RF_BLIND RF_INERT RF_DA780 RF_DA10 RF_TSGS
Training data Inert, Da = 780, Inert, Da = 780, Inert Da = 780 Da = 10 Da = 780, Da = 10(t = tI) Da = 10 Da = 10
Testing data Inert, Da = 780, Da = 10 Da = 780, Da = 10(t = 1.5tI)
Features eSij, eSik

eSkj, eRik
eRkj, eui,

@eui

@xj
,

@
2eui

@xjxk
TLES,

@TLES

@xj
,
@
2
TLES

@xjxk(Input) fSik
gRkj � fRik

fSkj

Output ⌧
sgs
ij Tsgs

Random forests [48] consist of an ensemble of decorrelated Classification and Regression
Trees (CARTs) [49]. CARTs are a machine learning approach for formulating prediction
models from data by recursively partitioning the inputted feature space, and fitting a simple
prediction within each final partition. The partitioning of the feature space can be repre-
sented as a decision trees. Decision trees are supervised graph based model wherein the tree
consists of nodes and edges. The internal (or non-terminal) nodes of the tree represent splits
based on learned partitions of the feature space. Each leaf (or terminal) node is associated
with a numerical value for regression trees (as opposed to categorical targets for classification
trees).

During the training phase, the structure of the decision tree and the partitions associated
with each node are inferred. During each step of this phase, exhaustive sets of splits over
different input features are evaluated. The split leading to maximal decrease in prediction
variance is selected at the associated node. The procedure continues to make recursive splits
based on dataset until it has reduced the overall variance below a given threshold or upon
reaching a given stopping parameter (for instance, upon reaching a maximum depth of the
tree).

During the prediction phase, a new sample is traversed down the tree from the root node
to a leaf node, wherein its path is determined based on the partition at each internal node.
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However in the present LES solver, the Favre-filtered temperature is obtained by inputting
filtered quantities into the real-fluid EoS:

eT = p · [⇢R⇣̄(⇢, p, eY )]�1 +


p · (⇢R⇣)�1
:

� p · (⇢R⇣̄)�1

�
(11a)

eT = eTLES(⇢, p, eY ) + Tsgs (11b)

which gives rise to a subgrid-scale temperature Tsgs, i.e. the second term on the right-hand-
side.

Tsgs is typically neglected in ideal-gas configurations. This is often an acceptable as-
sumption as shown by the ideal EoS case in Figure 5. In the transcritical inert case, |Tsgs|/

eT
of approximately 0.05 is observed, which is similar with observations from another study [9].
However, Tsgs becomes non-negligible for the transcritical reacting cases, where |Tsgs|/

eT ex-
ceeds values of 0.1 in the reacting regions, where multi-species compositions are present, and
regions with high density gradient. Non-negligible SGS EoS terms are also reported by other
studies [45, 46]. This added significance of Tsgs arises from applying the filtering operation
on density and multi-species mass fractions, and then feeding the filtered quantities into a
highly non-linear equation.

Amplified non-linearities in transcritical reacting flow present an additional source of
uncertainty in all SGS modeling. To investigate this, we employ conventional algebraic and
novel data-driven methods for predicting the subgrid-scale fluxes from the LES momentum
equation (Eq. (5c)):

⌧
sgs
ij = ⇢(guiuj � euieuj) (12)

Two algebraic SGS models, namely the Vreman and the gradient model, as well as random
forest regressors are evaluated. Additionally, we demonstrate the employment of random
forest feature importance scores for assisting the discovery of algebraic SGS stress models
by sparse regression. Since algebraic models for SGS temperature (Eq. (11)) have not been
developed, we then evaluate the ability of an interpretable machine learning algorithm in
modeling Tsgs.

4.2. Algebraic SGS stress models
The Vreman SGS model [7] is derived from the eddy-viscosity hypothesis:

⌧
sgs,v
ij ' �2⇢⌫SGS eSij +

1

3
⌧kk�ij, (13)

10
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Random forests: Ensemble of Decision Trees
Decision Trees
§ Consider a case where subgrid-scale stress 

can be modelled with a single parameter/feature
§ Decision Trees are trained by splitting feature space
§ Consider 30 features

Random Forests
§ Random forests are ensembles of decision trees.
§ Ensemble-averaging reduces overfitting.
§ Cost-effective regression method.

› Training cost: 88s using 1 CPU
› Inference cost: 2.4s using 1 CPU

§ Can provide feature importance
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Random forest Model Predictions

• Tested Random forest SGS stresses a priori over three filter widths.
• Random forest SGS shows excellent performance when trained and tested on own configuration
• Results do not perform well in out-of-distribution configuration.
• Random forests provide a feature importance score through a mean decrease in node impurity (variance).
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Sparse symbolic regression for model discovery

Represent SGS model as  an    
or  problem. Ax = b

<latexit sha1_base64="VeKRt1Acq4QAbnIXxT1KJvFRSLQ=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm2ARXJWkCroRqm5cVrAPaEOZTCft0MkkzEzEErPwV9y4UMStv+HOv3HSRtDWAwOHc+7lnjlexKhUtv1lFBYWl5ZXiqultfWNzS1ze6cpw1hg0sAhC0XbQ5IwyklDUcVIOxIEBR4jLW90lfmtOyIkDfmtGkfEDdCAU59ipLTUM/e6AVJDz08u7tPzH+6lPbNsV+wJrHni5KQMOeo987PbD3EcEK4wQ1J2HDtSboKEopiRtNSNJYkQHqEB6WjKUUCkm0zyp9ahVvqWHwr9uLIm6u+NBAVSjgNPT2YJ5ayXif95nVj5Z25CeRQrwvH0kB8zS4VWVobVp4JgxcaaICyozmrhIRIIK11ZSZfgzH55njSrFee4Ur05Kdcu8zqKsA8HcAQOnEINrqEODcDwAE/wAq/Go/FsvBnv09GCke/swh8YH9+JDpZv</latexit>
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Introduce nonlinearities:

where � is a regularization parameter for controlling the tradeoff between the least-squares
fit and the l1-norm. Since, the optimization scheme in Eq. (17) also minimizes the l1-norm
of the model coefficients ||�||1, lasso encourages sparsity, i.e. reduces the number of terms
in the linear model, as zero-valued model coefficients are preferred.

In the context of discovering subgrid-scale models, non-linearities can be introduced by
replacing X with non-linear functions G(X) of the original variables. In this study, we
construct a model with non-linear variables by evaluating d-order polynomial functions:

f̂ = G
d(X)�, (18a)
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Equation (18) shows that the dimensionality of this approach scales to the order of
polynomial functions O(mn

d). Hence, the number of candidate variables must be reduced
for this method to remain tractable. In this work, we employ the random forest feature
importance score to reduce the number of candidate variables.

5. Results

5.1. Algebraic SGS stress models
A priori analysis is performed by comparing SGS stresses ⌧

sgs
ij computed from filtered

DNS, with SGS stress modeled by the Vreman model (Eq. (13)) and Clark’s gradient model
(Eq. (15)). The performance of these SGS models is evaluated through the Pearson corre-
lation coefficient, which measures the linear correlation between two variables. A Pearson
correlation of 1 and �1 corresponds to perfectly positive and negative linear relationships,
respectively, whereas a correlation of 0 indicates a negligible linear relationship.

Figure 6 presents the resulting Pearson correlation between exact and algebraically mod-
eled SGS stresses for three different filter widths � for all three DNS cases specified in
Table 1, at time t = 1.5tI . For all three cases and filter sizes, negative correlations and
weak positive correlations ranging from approximately �0.6 to 0.4 are observed for the Vre-
man model. Negative correlations suggest the presence of counter-gradient diffusion, which
causes the employment of eddy-viscosity models such as the Vreman model to be ineffective.
In all three cases and three filter sizes, strong positive correlations, ranging from 0.5 to 0.95,
suggest that the gradient model is highly suitable for modeling SGS stresses in transcritical
inert and reacting flows.

The effectiveness of the Vreman and gradient models are further assessed by examining
the conditional Pearson correlation for ⌧

sgs
1i with respect to the mixture fraction eZ at filter

size � = 2�. The mixture fraction for the reacting cases have been evaluated using Bilger’s
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data for the random forests employed in this study. All random forests are trained with
snapshots at one eddy turnover time t = tI and tested on the three cases at t = 1.5tI .

For SGS stresses, two different sets of feature, or inputs, are employed to train the ran-
dom forests. One feature set corresponds to a domain-blind random forest RF_BLIND,
consisting only of velocity, and the first and second spatial derivatives of velocity. The other
set considers Galilean invariant basis functions constructed from strain eSij and rotation eRij

tensors as features, shown to predict anisotropy well in a previous study [47]. These Galilean
invariant features are used to train the random forest RF_INFORM. In order to investi-
gate the generalizability of random forests in the absence of a vast representative dataset,
we evaluate the predictive performance of three additional random forests RF_INERT,
RF_DA780, and RF_DA10, which are trained solely from the inert, Da = 780, and Da
= 10 cases, respectively.

In addition, we also examine the performance of random forest in predicting thermo-
dynamic quantities. Since SGS temperature is significant for reacting transcritical cases,
training and testing data for RF_TSGS are taken from the two transcritical reacting cases.

Table 2: Random forests employed in this study.

Random forest RF_INFORM RF_BLIND RF_INERT RF_DA780 RF_DA10 RF_TSGS
Training data Inert, Da = 780, Inert, Da = 780, Inert Da = 780 Da = 10 Da = 780, Da = 10(t = tI) Da = 10 Da = 10
Testing data Inert, Da = 780, Da = 10 Da = 780, Da = 10(t = 1.5tI)
Features eSij, eSik

eSkj, eRik
eRkj, eui,

@eui

@xj
,

@
2eui

@xjxk
TLES,

@TLES

@xj
,
@
2
TLES

@xjxk(Input) fSik
gRkj � fRik

fSkj

Output ⌧
sgs
ij Tsgs

Random forests [48] consist of an ensemble of decorrelated Classification and Regression
Trees (CARTs) [49]. CARTs are a machine learning approach for formulating prediction
models from data by recursively partitioning the inputted feature space, and fitting a simple
prediction within each final partition. The partitioning of the feature space can be repre-
sented as a decision trees. Decision trees are supervised graph based model wherein the tree
consists of nodes and edges. The internal (or non-terminal) nodes of the tree represent splits
based on learned partitions of the feature space. Each leaf (or terminal) node is associated
with a numerical value for regression trees (as opposed to categorical targets for classification
trees).

During the training phase, the structure of the decision tree and the partitions associated
with each node are inferred. During each step of this phase, exhaustive sets of splits over
different input features are evaluated. The split leading to maximal decrease in prediction
variance is selected at the associated node. The procedure continues to make recursive splits
based on dataset until it has reduced the overall variance below a given threshold or upon
reaching a given stopping parameter (for instance, upon reaching a maximum depth of the
tree).

During the prediction phase, a new sample is traversed down the tree from the root node
to a leaf node, wherein its path is determined based on the partition at each internal node.
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where � is a regularization parameter for controlling the tradeoff between the least-squares
fit and the l1-norm. Since, the optimization scheme in Eq. (17) also minimizes the l1-norm
of the model coefficients ||�||1, lasso encourages sparsity, i.e. reduces the number of terms
in the linear model, as zero-valued model coefficients are preferred.

In the context of discovering subgrid-scale models, non-linearities can be introduced by
replacing X with non-linear functions G(X) of the original variables. In this study, we
construct a model with non-linear variables by evaluating d-order polynomial functions:

f̂ = G
d(X)�, (18a)
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Equation (18) shows that the dimensionality of this approach scales to the order of
polynomial functions O(mn

d). Hence, the number of candidate variables must be reduced
for this method to remain tractable. In this work, we employ the random forest feature
importance score to reduce the number of candidate variables.

5. Results

5.1. Algebraic SGS stress models
A priori analysis is performed by comparing SGS stresses ⌧

sgs
ij computed from filtered

DNS, with SGS stress modeled by the Vreman model (Eq. (13)) and Clark’s gradient model
(Eq. (15)). The performance of these SGS models is evaluated through the Pearson corre-
lation coefficient, which measures the linear correlation between two variables. A Pearson
correlation of 1 and �1 corresponds to perfectly positive and negative linear relationships,
respectively, whereas a correlation of 0 indicates a negligible linear relationship.

Figure 6 presents the resulting Pearson correlation between exact and algebraically mod-
eled SGS stresses for three different filter widths � for all three DNS cases specified in
Table 1, at time t = 1.5tI . For all three cases and filter sizes, negative correlations and
weak positive correlations ranging from approximately �0.6 to 0.4 are observed for the Vre-
man model. Negative correlations suggest the presence of counter-gradient diffusion, which
causes the employment of eddy-viscosity models such as the Vreman model to be ineffective.
In all three cases and three filter sizes, strong positive correlations, ranging from 0.5 to 0.95,
suggest that the gradient model is highly suitable for modeling SGS stresses in transcritical
inert and reacting flows.

The effectiveness of the Vreman and gradient models are further assessed by examining
the conditional Pearson correlation for ⌧

sgs
1i with respect to the mixture fraction eZ at filter

size � = 2�. The mixture fraction for the reacting cases have been evaluated using Bilger’s
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However in the present LES solver, the Favre-filtered temperature is obtained by inputting
filtered quantities into the real-fluid EoS:

eT = p · [⇢R⇣̄(⇢, p, eY )]�1 +


p · (⇢R⇣)�1
:

� p · (⇢R⇣̄)�1

�
(11a)

eT = eTLES(⇢, p, eY ) + Tsgs (11b)

which gives rise to a subgrid-scale temperature Tsgs, i.e. the second term on the right-hand-
side.

Tsgs is typically neglected in ideal-gas configurations. This is often an acceptable as-
sumption as shown by the ideal EoS case in Figure 5. In the transcritical inert case, |Tsgs|/

eT
of approximately 0.05 is observed, which is similar with observations from another study [9].
However, Tsgs becomes non-negligible for the transcritical reacting cases, where |Tsgs|/

eT ex-
ceeds values of 0.1 in the reacting regions, where multi-species compositions are present, and
regions with high density gradient. Non-negligible SGS EoS terms are also reported by other
studies [45, 46]. This added significance of Tsgs arises from applying the filtering operation
on density and multi-species mass fractions, and then feeding the filtered quantities into a
highly non-linear equation.

Amplified non-linearities in transcritical reacting flow present an additional source of
uncertainty in all SGS modeling. To investigate this, we employ conventional algebraic and
novel data-driven methods for predicting the subgrid-scale fluxes from the LES momentum
equation (Eq. (5c)):

⌧
sgs
ij = ⇢(guiuj � euieuj) (12)

Two algebraic SGS models, namely the Vreman and the gradient model, as well as random
forest regressors are evaluated. Additionally, we demonstrate the employment of random
forest feature importance scores for assisting the discovery of algebraic SGS stress models
by sparse regression. Since algebraic models for SGS temperature (Eq. (11)) have not been
developed, we then evaluate the ability of an interpretable machine learning algorithm in
modeling Tsgs.

4.2. Algebraic SGS stress models
The Vreman SGS model [7] is derived from the eddy-viscosity hypothesis:

⌧
sgs,v
ij ' �2⇢⌫SGS eSij +

1

3
⌧kk�ij, (13)

10

Find via any optimization scheme gradient descent.�
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Sparse regression for model discovery
§ Can be computationally expensive as cost scales with 𝑀𝑁3

§ Feature importance is measured through mean decrease in node impurity

Feature importance simplifies sparse symbolic regression for model discovery

Figure 11: Pearson correlations between exact and random forest modeled SGS stresses for a single filter
width � = 2�.

Figure 12: Fifteen feature importance scores from RF_BLIND. The other fifteen features, with importance
scores less than 0.02, are not shown for brevity.
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Sparse regression for model discovery

where the resulting model coefficients C{1,2,3} range from 0.102 to 0.251. Equation (17)
is similar in form to the gradient model (Eq. (11)), but possesses three model coefficients
instead of one. By observing that C{1,2,3} are of the same order of magnitudes, and collapsing
the three coefficients by evaluating the average model coefficients, we recover the gradient
model:

⌧
sgs
ij ' ⇢Cx�

2 @eui

@xk

@euj

@xk
(18)

where the model coefficient Cx = 0.147 is similar in value to the suggested model coefficient of
0.167 from Section 5.1. This result demonstrates that the employment of sparse regression, in
conjunction with random forest feature importance can be employed to discover an algebraic
expression, similar to the effective gradient model, for modeling subgrid scale stresses in
transcritical flows.

Since the present method relies on the random forest feature importance score, a sta-
tistical test must be employed to test for the effects of significant correlation amongst the
features. If multiple features in the modeling basis are significantly correlated, they act as
exchangeable surrogates for each other during the calculation of feature importance scores
(this is similar to the phenomenon of multicollinearity in classical statistics [45]). Under such
conditions, metrics such as the MDI are susceptible to correlation bias, and can generate
erroneous importance scores [46, 47]. As a note, almost all algorithms for estimating feature
importance, including SHAP (Shapley additive explanations) [48] exhibit such correlation
bias. As an alternative, Principal Component Analysis may be utilized to engender orthog-
onal bases for new features that are independent. However, these derived features are often
difficult to ascribe physical meanings to, obfuscating their utility toward interpretability.

Multicollinearity is likely not an issue for RF_BLIND since we know from finite differenc-
ing schemes that the spatial derivative of a quantity in a cell cannot be evaluated locally, but
must be evaluated from neighboring cells. Nevertheless, we utilize the Spearman correlation
as a statistical test for evaluating the correlation amongst the features in the modeling basis.
While the Pearson correlation is a statistical tool used for evaluating linear relationships, the
Spearman correlation evaluates the monotonicity of variables in both linear and non-linear
functions, i.e., whether the increasing or decreasing trend is being preserved. Spearman cor-
relations of 1 and �1 correspond to a perfect monotonic relationship, while 0 corresponds
to a negligible monotonic relationship. Figure 13 shows that Spearman correlations between
different features from RF_BLIND are weak (between �0.4 and 0.4), which indicates weak
correlation amongst the features.

6. Conclusions

DNS of inert and reacting transcritical LOX/GCH4 non-premixed mixtures under de-
caying turbulence were performed. Pressure and temperature were chosen to correspond
to conditions in rocket combustors. A priori analysis was conducted by comparing exact
subgrid-scale stresses from Favre-filtered DNS data with algebraic and data-driven SGS
models.
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Figure 13: Pearson correlations between exact and random forest modeled SGS stresses, from three different
random forest regressors, for a single filter width � = 2�.

Figure 14: Fifteen feature importance scores from RF_BLIND. The other fifteen features, with importance
scores less than 0.02, are not shown for brevity.
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Figure 13: Pearson correlations between exact and random forest modeled SGS stresses, from three different
random forest regressors, for a single filter width � = 2�.

Figure 14: Fifteen feature importance scores from RF_BLIND. The other fifteen features, with importance
scores less than 0.02, are not shown for brevity.
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Interpretable ML for SGS model construction
§ Demonstrate ability of extracting physically meaningful insight from data
§ Random forest models SGS stresses well when trained in-sample
§ Random forest does not model SGS stresses well when trained out-of-

sample
§ Random forest are interpretable and can reveal most important inputs
§ Random forest feature importance can be used with spare symbolic 

regression for mode model discovery
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Research Opportunities and needs

Benchmark datasets and metrics

Interpretability and explainability

Quantifying uncertainties of CombML models 

Evaluation out-of-distribution predictions 

Integrating domain knowledge in CombML

Computational complexity and accuracy
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What makes a good dataset?
SCALE!!

L. Fei-Fei and J. Deng, CVPR (2017)
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What makes a good dataset?
Need for community effort
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Extremely Detailed!

State-of-the-art Flow Physics Scientific Dataset
• Johns Hopkins Turbulence Database
• Only 9 3D configurations
• Total Size = 500 TB (3D, Detailed)
• State of the art snapshots > 100 GB

Hosted on dedicated infrastructure

http://turbulence.pha.jhu.edu/
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BLASTNet: A community web-platform for big data
• Scale through community involvement/outreach.

Step 5: 
Training Data is 
now Accessible

Step 4: 
Consolidate Kaggle Links 
and Important Metadata

Step 3: 
Upload to 

Kaggle

Step 2: 
Compress

Step 1: 
Collect Data

www

Figure 1: BLASTNet: A community-involved pathway to big combustion data at https://blastnet.

github.io/

screens the data to ensure that these standards are met. A community discussion forum is

also hosted on BLASTNet in order to receive continuous feedback from users and to provide

a platform for additional support to users. Importantly, to ensure that fair attribution is180

provided in this open-source project, a version update will be applied to BLASTNet each

time a new contribution is provided by the research community to include each individual

contributor into BLASTNet’s list of authors, which is a common practice in open-source

software [47].

1.5. Objectives185

The objectives of this work can thus be summarized as follows:

• To advocate the benefits of a massive, diverse, and distributed CombML datasets for

deep learning.

• To introduce a platform, at https://blastnet.github.io/, for a community-involved

network-of-datasets (BLASTNet).190

9

https://blastnet.github.io

https://blastnet.github.io/
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BLASTNet features
• First iteration of BLASTNet aims to 

curate 100 different non-reacting 
flow configurations

• Provides tutorials for sharing and 
accessing data, ML-samples

• Stores metadata in consistent 
JSON format

• Provides standards and 
guidelines for shared data

• Hosts discussion forum for user 
support and community feedback

• Growing list-of-authors to include 
each contributor for fair attribution

https://blastnet.github.io

https://blastnet.github.io/


Summary  

Towards Massive Public Datasets in Scientific ML

Input
256⨉256⨉3⨉4 Output 

256⨉256⨉3⨉5

12 Residual Blocks

Bottleneck
32⨉32⨉3⨉C

12 Residual Blocks

Leaky ReLU Activation
Softmax Activation

Conv. Layer
Residual Block

Transpose Conv. Layer

Figure 2. Present 3-D CNN architecture. Number of filters per layer C are described at the bottom of each layer.

Figure 3. SZ2 (Liang et al., 2018b) compression ratio of features
of the entire learning set at different specified maximum point-wise
error.

Next, we decompress the compressed data and evaluate er-
rors introduced by the lossy compressor. Figure 4 compares
mixture fraction Z at different levels of maximum point-
wise lossy error, with the original clean feature. Image
quality metrics (Horé & Ziou, 2010) such as peak-signal-
to-noise-ratio3 (PSNR) and structural similarity index mea-
sure4 (SSIM) are shown to decrease with increasing com-
pression, with large field distortions observed with 40% max
point-wise error (Figure 4c).

3Higher PSNR means higher image quality. Note that the
highest possible value for PSNR is 48 dB for 8-bit integers, and
760 dB for single-precision floating points.

4Higher SSIM means higher image quality. SSIM is bounded
between -1 and +1.

Figure 4. A feature (mixture fraction) from the train set at different
levels of maximum point-wise error specified during compression.
Quality metrics such as peak-signal-to-noise-ratio (PSNR) and
structural similarity index measure (SSIM) are included.

After decompressing the scalar fields, we generate the train-
ing labels for the different lossy data, as described in Sec-
tion 2. Figure 5 compares the five classes at different levels
of maximum point-wise error, with the original clean train-
ing label. At Figure 5b, significant noise is seen especially
in the premixed and non-premixed flame regions at 10%
max point-wise lossy error, with a 9.3% total label error
introduced to the data. This noise is present because scalar
gradients, used in generating the flame labels (Yamashita
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Summary
§ Substantial progress in embracing ML for 

traditional applications 
› Regression, dimensional reduction 
› Control, optimization, modeling 

§ Adaptation of ML-techniques holds exciting 
promise for advancing current state-of-the-
art in combustion science and engineering

§ CombML complements traditional physics-
driven inquiry 

§ Address and embrace challenges unique to 
combustion science and engineering 
› Uncertainty quantify, interpretability
› Safety 
› Physical principles 

https://github.com/IhmeGroup/CombML_Tutorials
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Thank you!




