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ABSTRACT

In this work, we have applied a machine learning (ML) technique
to provide insights into the causes of cycle-to-cycle variation
(CCV) in a gasoline spark-ignited (SI) engine. The analysis was
performed on a set of large eddy simulation (LES) calculations
of a single cylinder of a four-cylinder port-fueled SI engine. The
operating condition was stoichiometric, without significant
knock, at a load of 16 bar brake mean effective pressure (BMEP),
at an engine speed of 2500 revolutions per minute. A total of 123
cycles was simulated. Of these, 49 were run in sequence, while
74 were run in parallel. For the parallel approach, each cycle is
initialized with its own synthetic turbulent field to generate CCV,
as part of another work performed by us. In the current work, we
used 3D information from all 123 cycles to compute flame
topology and pre-ignition flow-field metrics. We then evaluated
correlations between these metrics, and peak cylinder pressure
(PCP) employing an ML technique called random forest. The
computed metrics form the inputs to the random forest model,
and PCP is the output. This model captures the effect of all
inputs, as well as interactions between them owing to its
decision-tree structure. The goal of this work is to demonstrate
(as a first step) that ML models can implicitly learn complex
relationships between pre-ignition flow-fields, flame shapes, and
the eventual outcome of the cycle (whether a cycle will be a high
or a low cycle).

INTRODUCTION

Computer simulation is critical in providing fundamental
insights into the engine combustion process. Among the many
complicated phenomena associated with engine combustion,
cycle-to-cycle variation (CCV) [1-4] in engines is an
undesirable phenomenon that leads to unstable operation
including misfire and knock at extreme conditions.
Understanding the causes of CCV is critical to developing
strategies to mitigate it. CCV has been studied by various
researchers in the past using both experimental and simulation
methods.

Among simulation methods, the Reynolds averaged Navier-
Stokes (RANS) turbulence modeling approach has been
employed owing to its computational efficiency [5, 6]. The
RANS approach inherently smoothes out fluctuations in velocity
owing to the time-averaging done in this method, and this makes
it difficult to capture the small-scale phenomena that lead to
CCV. Large eddy simulation (LES) has been found to be more

accurate than RANS-based methods to capture CCV in SI
engines. Unlike RANS, LES directly simulates larger eddies
which are influenced by the flow-field and are on the order of the
grid-cell size. A sub-grid model is used to model small-scale
eddies with an isotropic assumption. However, LES requires
higher mesh resolutions than RANS.

Over the recent years several groups have performed LES of
SI engines to develop a better fundamental understanding of
CCV [7-19]. Fontanesi et al. [9] performed multi-cycle LES
analysis (20 cycles) of a V-8 engine to understand the primary
factors contributing to CCV. They found that inhomogeneity and
variation in fuel distribution, turbulent energy, and velocity
magnitude in the spark gap from cycle to cycle were major
contributors to CCV. In a later work [10] based on these
simulations, they report that spark plug orientation relative to the
flow-field did not have a significant effect on CCV, however
shifting the spark plug location towards the intake side improves
the knock limit for their engine. Through a correlation analysis,
they concluded that high peak cylinder pressure (PCP) cycles
were characterized by flow velocities in the spark gap below an
upper limit of 35 m/s, and found that fuel enrichment enhances
ignitability. Truffin et al. [14] computed 30 LES cycles based on
200 cycles of experimental data and performed a linear
regression analysis to understand the correlation between several
factors representing the flow-field and fuel distribution, with
respect to cycle indicated mean effective pressure (IMEP), in an
attempt to explain which flow-field features determine high and
low cycles. Tatschl et al. [15] focused on identifying the causes
of CCV in a direct injection SI engine using LES. Granet et al.
[16] used LES (with a thickened flame approach) to predict low
and high cycles along with distinguishing an unstable point from
a stable one. From such studies, it can be inferred that when the
flame interacts with the surrounding flow-field, the flame
topology changes, which affects the combustion pressure
evolution causing a different PCP in each cycle. Thus, these
aspects were taken into account in the analysis of the present
work.

In a related work [18], we performed a univariate linear
regression analysis to study the impact of flame topologies and
velocity fields on PCP for 49 consecutive LES cycles of a single-
cylinder of a four-cylinder SI port-fuel injected (PFI) engine. In
the current work, we extend this analysis to obtain data from 74
parallel LES cycles since we have established in another related
previous work that the overall statistics are preserved when the
LES cycles are run in parallel with perturbation to the initial
turbulent flow-field [20]. Additionally, in this work, we used a



decision-tree-based approach called random forest [21] to build
a model that correlates PCP to various metrics representing flame
topology and the flow-field. Based on its formulation, the
random forest inherently captures interactions between inputs
(the metrics) without us having to explicitly formulate
interaction terms as is the case with multi-variate linear
regression, for example.

With the increasing availability of supercomputing and
high-performance computing resources, and innovative
techniques to parallelize sequential runs to achieve high
throughput [20], it is now possible to run hundreds to thousands
of engine simulations in parallel and generate a large number of
samples or realizations [22, 23] in a matter of days. Detailed
simulations also allow better analysis of novel combustion
modes [24-33]. Further, improvements to code scalability allow
each simulation to be run on hundreds to thousands of cores [34],
enabling high-fidelity LES calculations that produce more
realistic spatial and temporal data. Considering both the volume
and fidelity of data that will be produced from simulations and
experiments going forward, we anticipate that ML techniques
will play a significant role in data analysis not just for engine
design but in general for various engineering applications [35—
39].

In the case of simulations for CCV we believe that ML can
help correlate high and low cycles (characterized by high or low
values of PCP) with representations of flame topologies and flow
structures. Random forest is one of the most widely used ML
algorithms, because of its good applicability on datasets ranging
from small to large, better interpretability (i.e. the ability to
understand the model results) compared to neural networks
methods (which are more abstract and hard to understand), and
its robustness arising from ensembling several weak learners (a
weak learner is a model that is intentionally exposed to only a
small subset of the data) thus not overfitting to data. An
overfitted model memorizes the training data, and does not
generalize well on new data. Further, random forest allows input
data to be a mix of continuous data (eg. average velocity in a
region) and categorical data (eg. spark plug manufacturer), due
to its if-else structure.

In this work, we examine correlations between various
factors relating to the flow-field and flame geometry with respect
to peak cylinder pressure (PCP) over the 123 simulated cycles
using a random forest model.

The objectives of this work are three-fold:

e Show that the parallel perturbation method generates
cycles that demonstrate similar correlations as the
sequential cycles, in terms of flame topologies and
velocity fields that result in high/low cycles, to justify
co-mingling of the datasets for analysis.

e Demonstrate the application of the random forest
approach as an analysis tool to determine the relative
importance of various flame topology and pre-ignition
flow-field metrics in terms of influencing PCP in an SI
engine.

e Based on the most important metrics, build and test a
random forest model to predict high and low cycles
based on flame topology and pre-ignition flow-field.

We first start with a brief description of the engine setup,
followed by the CFD model setup information. We then present
the results along with some discussion, and end with a summary
of and conclusions from this work.

NOMENCLATURE

Abbreviations

BMEP brake mean effective pressure
CCV  cycle-to-cycle variation

CFD  computational fluid dynamics
CR compression ratio

FGW  fixed geometry with wastegate
GB gigabyte

TB terabyte

IMEP indicated mean effective pressure
IvC intake valve closure

LES large eddy simulations

ML machine learning

PCP peak cylinder pressure

PFI port fuel injection

RANS Reynolds averaged Navier-Stokes
RPM  revolutions per minute

SI spark ignition

SOI start of injection

TDC  top dead center

ENGINE AND SIMULATION SETUP

Engine specifications

The engine modelled in this work is an inline four-cylinder
SI-PFI engine. The engine specifications and operating condition
are listed in Table 1. The geometric compression ratio (CR) is
9.8 and an effective CR of 9.72 is prescribed in the simulations.
The operating condition studied is stoichiometric, and the fuel
flow was measured to be 34.9 mg/cycle/cylinder. This condition
represents a stable operating point, without partial burn or any
significant knock. The brake mean effective pressure (BMEP)
for this point is 16 bar, and the engine was operated at 2500
revolutions per minute (rpm).

Table 1. Engine specifications and operating condition

Engine specifications

Engine type SI
Number of cylinders 4
Displacement (cm?) 1368
Bore (mm) 72
Stroke (mm) 84
Compression ratio 9.8:1
Fuel Injection System PFI
Turbocharger FGW




Operating condition

Speed (rpm) 2500
BMEP (bar) 16
Relative Air to Fuel Ratio 1
Fueling (mg/cycle/cylinder) | 34.9
Ignition timing 711°

CFD model setup

The numerical simulations presented in this study were
performed using the commercial CFD code CONVERGE v2.3
[40]. The code adopts a cartesian cut-cell approach to mesh
generation, which is done at run-time. There is a user-supplied
base mesh size, which represents the size of the largest cells in
the domain (here 2.8 mm), and additionally there are provisions
to increase the resolution by embedding at various levels over the
base mesh size in specific regions of interest during certain

atomization [42]. A No Time Counter collision model is used to
simulate the collision outcomes [25]. Turbulence is modeled
using the dynamic structure LES model [44]. In this model, a
sub-grid scale kinetic energy transport equation is applied to
model the energy flow from the resolved scales to the sub-grid
scales, based on an energy flow budget between resolved and the
sub-grid scales. We use a second-order in space, and first-order
in time discretization scheme.

The G-equation combustion model, which is a non-detailed-
chemistry level-set based model, was used to simulate the flame
kernel growth and flame propagation (combustion). Williams
[45] proposed the G-equation model based on flamelet modeling
assumptions. The flame front is defined as the interface between
the unburned and burned gases. Peters [46] also used the level-
set method and the G-equation model to simulate premixed
turbulent combustion with corrugated flamelets or thin flame
fronts for RANS simulations. Pitsch [47] in 2002 provided the
formulation for the G-equation in the context of LES. The
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Figure 1: Experimental cycles (left), simulated consecutive cycles (middle), simulated parallel cycles (right)

portions of the simulation, such as in the spark gap during the
spark event (0.175 mm), or at the nozzle exit during injection
(0.35 mm). Additionally, there is also the ability to perform on-
the-fly adaptive mesh refinement based on local gradients in
fields such as temperature and velocity which reduces the grid to
0.35 mm when active in our setup. The peak cell count occurs
during intake, and is 7 million cells, and the cell count at
combustion top dead center is 1 million cells. The simulations
were run on 96 cores, with a single MPI rank per core and no
threading. The system used was an Intel Sandy Bridge Pentium
Xeon cluster, called Blues at Argonne. Each node has 64 GB
RAM and a clock speed of 2.6 GHz. There are 16 cores per node.
A single cycle (720 degrees) takes on the order of 36 hours on
this system. Each cycle generates on the order of 2 TB of data
There are various models available within CONVERGE to
simulate spray, liquid drop dynamics, turbulence, combustion,
etc. In this study, a conventional Eulerian-Lagrangian Discrete
Droplet Model [41] has been chosen. The liquid spray is modeled
as a dispersed phase in the Lagrangian framework and the
surrounding gas is modeled as a continuous phase in the Eulerian
framework. The Kelvin-Helmholtz Rayleigh-Taylor spray
break-up model is adopted to model droplet breakup and

parameter G is a scalar and it represents the distance from the
flame front. The flame front position is at G = 0, and points (or
cells) in the burned region have a positive value of G, while
points (or cells) in the unburned region have a negative value of
G.

RESULTS AND DISCUSSION

Figure 1 shows experimental 1000 cycles (left), consecutively
run 49 LES cycles (middle), and parallel-run 74 LES cycles
(right). The highs and lows of PCP were not seen to follow any
order and were found to be stochastic in nature. In the case of the
parallel approach, we see from Figure 1 that the spread of the
cycles, along with the minimum-mean-maximum cycles, is very
well reproduced compared to the consecutive cycles and
experiments. More details on the parallel perturbation method
are presented in Ref. [20]. This method significantly reduces
overall turnaround time by running in parallel all the cycles on a
large number of processors. From both our previous works with
consecutive cycles [18] and parallel run cycles [20], we see that
the coefficient of variance of parameters like IMEP and PCP are
in good agreement with experiments.



In our related work [18], we determined that high cycles are
typically characterized by flame volumes that are more squished
in the Z-direction (piston-to-head direction), and more centered
along the X-axis (which represents the direction of the mean flow
caused by tumble). Figure 2 shows the axes orientation with
respect to the CFD model, for reference.
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Figure 2: Snapshot showing axes orientation with respect to
the CFD model

Low cycles are characterized by more elongated flame
volumes in the Z-direction, and also flame volumes that are more
offset in the negative X-direction (towards the exhaust). The
parallel cycle approach captures these same effects, and
representative high and low cycles from both the parallel
approach and consecutive cycles are shown in Figure 3. In Figure
3, the flame images are shown at the same crank angle location
of 722 deg (11 degrees after ignition). The choice of this angle is
subjective, and just represents a point when all the cycles have a
well-developed flame volume. Every cycle is at a different mass
percent burned point at 722° due to cycle-to-cycle variation. The
flame images are from individual cycles and are not averaged.
We have evaluated several cycles to make sure the patterns seen
in the figures shown here are consistent over several cycles and
are indeed true patterns. In our related work [18] we show the
several cycles we checked for consistency in flame volume
patterns. Also in that work [18], we looked into aspects of heat
transfer from the cylinder head, piston, and liner surfaces and
found that high cycles have a greater heat transfer compared to
low cycles and it is not that low cycles are low in magnitude due
to higher heat losses.
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Figure 3 A single pair of one low cycle and one high cycle at
722 deg. CA showing similar physical behavior when
simulated using the parallel and consecutive approaches

Even when we look at the flame volumes for the cycles at
the same mass percent burned (3%), as shown in Figure 4, we
still note that the flame shapes are qualitatively similar for the
parallel and consecutive cycles, when looking at low and high
cycles respectively from both simulation approaches.
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Figure 4: A single pair of one low cycle and one high cycle at
a common mass percent burned of 3% showing similar
physical behavior when simulated using the parallel and
consecutive approaches (similar to the behavior observed
with them at the same CA)

This provides us with further confidence in the validity of
the parallel perturbation approach, beyond its ability to
reproduce global statistics obtained from the consecutive cycles.
Based on this, we combine the data from the consecutive and



parallel cycles and treat them as a single dataset going forward
with the analysis in this paper, since this allows us to run a more
robust analysis on 123 points, versus the regression analysis we
have performed on the 49 consecutive cycles in our related work
[18].

A total of ten metrics representing flame topology at 722°,
as well as velocity metrics representing the pre-ignition flow-
field at 710° were chosen, and their correlation with respect to
each other, as well as PCP is shown in Figure 5, in terms of pair-
wise Pearson correlation. This correlation plot is generated using
the ML pipeline AutoMOMML [48]. Given two vectors X and ¥,
the Pearson correlation coefficient pxy € [—1.0, 1.0] is given by
the following equation:

covariance(X,Y) (1)

Pxy =
Ox Oy '

where o represents standard deviation.
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Figure S: Pearson correlation between ten metrics chosen to
represent flame topologies, pre-ignition velocity flow-fields,
and PCP

In Figure 5, pairs which show a high positive correlation
exhibit dark-blues shades and are more elliptical and those which
show a high inverse correlation are more towards the red
spectrum and are also more elliptical. Pairs which are
uncorrelated are more circle-like and have more of a white shade.
The shape for a perfectly correlated (both positive and negative)
parameter-pair is a line. Sphericity represents the sphericity of
the flame volumes at 722°, US5.5mm, V5.5mm, and W5.5mm

represent the average pre-ignition velocity, at 710°, in the X-, Y-
, and Z-directions respectively, in a 5.5 mm radius sphere
centered in the spark gap. COMoX, COMoY, and COMoXYZ
represent the offset in the center of mass of the flame volumes at
722° in the X- and Y- directions, and absolute 3-D offset
respectively, with reference to the ignition location. The metrics
XX, YY, and ZZ represent the spans of the flame volumes at 722°
in the X-, Y-, and Z-direction respectively, in other words, the
maximum minus minimum values of X, Y, and Z coordinates
respectively of these flame volumes at 722°.

From Figure 5 we see, for example, that there is positive
correlation between U5.5mm and COMoX. Overall, U5.5mm
values are negative, since the pre-ignition mean flow field (at
710°%) in the spark-region brought about by tumble, is from the
intake to the exhaust. This means that a stronger pre-ignition
mean flow in the negative X-direction (from intake to exhaust)
in the spark-region at 710° causes the flame to grow eccentrically
in the negative X-direction (towards the exhaust). This
observation is in line with the works of Truffin et al. [14], and
also Fontanesi et al. [9], and was noted in our related work [18,
19]. Similarly, we see a correlation (although weaker) between
V5.5mm and COMoY. A more detailed discussion on the
correlation between pre-ignition flow-fields, flame topologies,
and PCP is provided in Ref. [18].

One important factor to note from Figure 5 is that PCP
(which denotes whether a cycle is a high- or low-cycle), is not
strongly correlated to any one of these metrics alone, indicating
that a plain univariate linear regression analysis might not be
completely sufficient in describing PCP as a function of any of
these metrics. Even if we were to use multivariate regression
with higher order and interaction terms, we would have to
explicitly formulate these additional terms.

In order to implicitly account for the interactions between
various metrics that influence PCP, we adopt the random forest
ML method. Random forest uses an ensemble of decision trees.
Each decision tree is trained on the same number of samples as
in the training data supplied to the random forest model,
however, the individual samples are drawn randomly, with
replacement from the training data, so that every tree is trained
on potentially a different “bootstrapped” sample from the
training data. Further each tree is built using a random subset of
the total number of features, usually equal to the square root of
the total number of features (rounded up). This way, random
forest models overcome the over-fitting problem where the
model is overly complex and is too closely fit to a limited set of
data points, resulting in poor prediction accuracy of unseen data.
As a consequence of its decision tree structure, the random forest
method can also output the ranks of the various features in terms
of their importance in affecting the target variable, in our case,
PCP. This functionality of random forest is used in the present
work and the feature importance is compared with univariate
linear regression; a higher feature importance should correspond
to higher fit value (higher R?) between that feature and PCP.
Again it is important to note that this would just be a qualitative
comparison, as univariate linear regression ignores the influence
of other features on the target, and also potential non-linear



interactions between features. Figure 6 shows a sample decision
tree, which is constructed based on a sub-sample consisting of
four features (or metrics representing flame shape and pre-
ignition velocities), trained on a bootstrapped sub-sample of the
123 cycles of data. Each decision tree is considered a “voter”.
The random forest model is an ensemble of multiple
decision trees or voters. Given features corresponding to a new
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Figure 6: Sample decision tree showmg the partitioning of the data based on a random subset of four features of the ten
input features (4 = V10 rounded up) representing flame shape and pre-ignition velocities, using an if/else structure; the

random forest is an ensemble of multiple decision trees

cycle, that none of the decision trees in the random forest model
has been trained on, the random forest averages the estimations
(or votes) from all the decision trees to make a prediction on PCP.

In constructing each decision tree, the information space
(based on the samples the tree is trained on) is split into many
domains and the number of splits is decided by the decision tree
algorithm based on the concept of information entropy. In other
words, splitting of the feature matrix of the data set is stopped
when the algorithm cannot add any more information to each
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of this particular decision tree for a given set of new values for
the features. The random forest works by averaging the votes
over all its constituent decision trees.

KNIME [49] is an open-access data analytics, reporting, and
integration platform. We used this platform to create a pipeline
going from the input data (123 cycles) to the ultimate random
forest model, along with model performance evaluation. The
modular structure of this workflow is shown in Figure 7. At the
outset, the pipeline reads in the data (123 rows representing the
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Figure 7: KNIME workflow for building a random forest model

subset. In Figure 6, each branching point (node) is a split at
which a yes/no (or if/else) decision is made, according to which
the information space is divided. Splits are done starting from

simulated cycles, with each row containing the values of the
features we choose to build the model based on, as well as the



PCP value), and then randomly partitions the data into a training
set (85% of the cycles), and test set (the other 15% of the cycles).

The test set is not used to train any of the decision trees in
the random forest model. Each decision tree of the random forest
model is trained on a random bootstrapped subsample of the 85%
training data, and a random sample of the chosen features (inputs
of metrics) considered.

The random forest predictor module then predicts the PCP
for the 15% test data, using the test data, and the trained random
forest model from the previous step as inputs. The line plot
module is used to plot the predicted PCP versus the actual PCP
for the test dataset (the Column Filter is just used to keep only
the required elements to be plotted). The numeric scorer is used
to “score” the accuracy of the prediction in terms of a percentage
error in the predictions on the test dataset. The random forest
model also outputs a ranking of features (or inputs) based on
their relative importance in predicting PCP, and this ranking is
shown in Figure 8, when all the ten features are used to build this
model. Note that there is no direct correlation between the
ranking of the splits in Figure 6 which shows a single example
tree, and the ranking shown in Figure 8, as the ranking in Figure
8 is based on a collection of several trees, and gives the true
representation of feature importance. Based on our related work
[18] and after performing the feature importance study shown in
Figure 8 using all ten features, as a next step, we chose four
features—Sphericity, U5.5mm, W5.5mm, and COMoX as input
metrics to build a random forest predictor. The reason we don’t
choose all the metrics is because several metrics are correlated,
such as COMoXYZ, and COMoX. Further, the metrics XX, YY
(in spite of ranking highly in the feature importance) are highly
correlated with the mass percent burned of individual cycles at
722° (since cycles with high PCP would have burned to a greater
extent at 722°, and would have a higher value of XX and YY due
to this), so it is not really fair to include these as predictors. It is
also generally a good practice when building ML models to
reduce complexity in terms of features to avoid potential
overfitting. ZZ was not included as a predictor, since there are
two competing effects on ZZ at 722° as shown in our related
work [18]—on the one hand ZZ would tend to be higher for
cycles that have a bigger flame volume, and on the other hand,
77 is also preferentially lower for a given mass fraction burned
due to the squishing effect of the flame volume associated with
high cycles.
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Figure 8: Feature (or input) importance for predicting PCP
using random forest

Figure 9 shows the univariate linear correlations for these
four important features with respect to PCP. The numbers in the
plot across the solid line correspond to the cycle number (and the
respective cycle data is plotted on X- and Y-axis). We note that
all these features have a relatively strong correlation to PCP. The
scatter about the linear fit line is a consequence of the univariate
linear model capturing only one feature at a time, which is not
the case with the random forest approach, which accounts for all
the features, as well as interaction between features. Using the
predictor functionality of the pipeline, the 15% dataset was
predicted based on using these four input features for training on
the 85% dataset.

(=] (=

T R-squared = 0.4197 b R-squared = 0.2321

0 43 §%03 0 GQ‘TUQ_‘F{T[—EF

@ [ee] 27

(=] (=]

«© @
Ze Se
o 10404 %
£e &R

9

8 62 851157164 8

o 46 753 47 70 9 o

© 1ﬁ) ©

15
0.60 0.65 0.70 0.75 0.8
Sphericity
8 8
R-squared = 0.2259 R-squared = 0.2133
1035 o
3 g8 o 35 2 oS 3135
181 1%55

|48 70 o
e Y Be
S S
aR 99 R

8 5825915, 8

7094
46 87
8 110§ 5 3
15

-0.006 -0.004 -0.002 0.000
COMoX

Figure 9: Linear fit of PCP to high-ranking inputs, with
scatter around the fit shown

Figure 10 shows the actual PCP overlaid on the PCP predicted
on the 15% test data. The X-axis shows the cycle numbers from



the randomly chosen 15% test dataset. The highs and lows are
well-predicted for these cycles, and the R? value of the fit is 0.59.
This indicates that the ML model has sufficiently “learned” the
correlations between flame topologies and pre-ignition velocity
flow-fields, and PCP.
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Figure 10: Predictions on the 15% test set considering four
metrics—sphericity, US.5mm, W5.5mm, and COMoX

At this stage, it is worth highlighting that to generate these
metrics we require expensive LES, so as of now the random
forest model constructed in this work is not meant to completely
replace the more computationally expensive CFD simulations,
rather the objective here is to demonstrate that ML models can
implicitly learn complex relationships between flow-fields,
flame shapes, and the eventual outcome (in this case PCP) of the
cycle. One eventual goal would be the construction of an ML
model that could (given enough cycles of data) learn the
correlations between initial flow-fields at say intake valve
closure (IVC) and high/low cycles, thus being able to predict
PCP purely based on the initial conditions.

As a first step in this direction, for the dataset analyzed, the
prediction capability of this random forest model was explored
by choosing as inputs two important features that represent the
pre-ignition flow-field in the spark region. These features can be
potentially obtained from non-reacting simulations up to
ignition. These are the X- and Z- direction velocities at 710°—
US.5mm and W5.5mm. One could envision that the random
forest model could then be used in the place of expensive post-
ignition simulation to predict whether a cycle would be a high or
low cycle, purely based on the pre-ignition flow-field. Based on
running multiple non-reacting simulations up to ignition using
the parallel perturbation method, one could estimate the
coefficient of variation in PCP for a given engine design or
operating condition. Figure 11 shows the predictions from the
random forest model (on the 15% test data) using only these two
features as inputs, trained on 85% of the 123-cycle data. Figure
11 shows a weaker prediction when we choose these parameters
(with an R? of 0.36); however overall highs and lows are still
qualitatively predicted. We intentionally did not include COMoX
and sphericity in this model, as to obtain these quantities, we
would in any case need to do the reacting portion of the
simulation.

Peak Cylinder Pressure [bar]

—e—PCP
—& PCP (pred)

1 9 12 15 25 31 32 55 60 61 66 73 82 94 96 101 104 113 114

Cycle Number (from test set)

Figure 11: Predictions on the 15% test set considering two
pre-ignition flow metrics—US5.5mm, and W5.5mm.

CONCLUSIONS

In this work we used an ML model (random forest) to learn
the relationship between metrics representing flame topology
and pre-ignition flow-fields, and PCP using a dataset comprised
of multiple cycles of LES calculations performed on a spark-
ignited gasoline engine with cycle-to-cycle variation.

1. We demonstrated the validity of comingling data from
parallel-run and serial-run LES cycles to perform an
analysis of flame topology and pre-ignition velocity fields
in terms of their effect on PCP.

2. Using the combined dataset of 123 cycles we built a random
forest model that learned relationships between flame
topology and pre-ignition velocities near the spark, and PCP.

3.Based on the feature importance obtained from the random
forest model built using ten metrics, and analysis from our
related work [18], we reduced model complexity to four
input features: sphericity, COMoX, U5.5mm, and W5.5mm.
The model built using these four metrics was able to
qualitatively capture high and low cycles in a test dataset.

4. We also built a version of the model where we only included
the pre-ignition features US.5mm and W5.5mm as inputs.
The reasoning behind this is that these features can be
generated by just running a non-reacting perturbed
simulation up to ignition timing, as compared to sphericity
and COMoX, which would require the combusting portion
of the simulation to be run as well. This model, though
weaker in prediction compared to when we include
sphericity and COMoX, does a reasonable job in
qualitatively predicting high and low cycles. It is envisioned
that with more training data, the random forest model can
better learn the relationship between pre-ignition flow-fields
and PCP.

This work is a proof-of-concept of the capability of ML models
to learn complex correlations from 3D CFD data. The ultimate
goal would be to develop an ML model trained on tens to
hundreds of thousands of CFD simulations spanning a sparse
sampling of a large design and operating space with features such
as engine design and operating parameters, initial intake and in-
cylinder flow-fields, that could predict cycle-to-cycle variation
as a function of initial conditions, operating conditions, and
design features. Such a model could then be used to probe the



multidimensional design and operating space at a much higher
resolution (than the sparsely sampled expensive CFD runs it was
trained on) to discover optimum design and operating strategies.
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