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Fuel injector design has a substantial influence on the performance and emissions of direct injection
engines. To date, large eddy simulations coupled with a single fluid mixture modeling approach have
shown great success in evaluating the complex interplay among injector design, fuel properties, and
operating conditions on the injector performance. However, this simulation approach is too compu-
tationally expensive to be used by industry routinely for injector design due to the fine temporal and
spatial resolution required to resolve wall-bounded flow within the injector. The work presented in
this paper highlights a potential pathway to addressing this issue. To study the influence of injector
design, fuel properties, and operating conditions on injector performance, large eddy simulations
were performed to model the turbulent multiphase flow development through a side-oriented single-
hole diesel injector. Using Latin hypercube sampling, the design space spanning a range of fuel
properties, operating conditions, and needle lifts was explored. Two techniques for dimensionality
reduction, namely proper orthogonal decomposition and autoencoders, were compared to evaluate
their accuracy in representing the flow in a reduced dimensional space. Based on the findings from
this work, recommendations are provided in using machine learning approaches within the context
of emulation to construct reduced-order models for internal flow development relevant to automotive
applications.

KEY WORDS: multiphase flow, cavitation, fuel injectors, large eddy simulation,
reduced-order modeling, machine learning, proper orthogonal decomposition, autoen-
coders, emulation

1. INTRODUCTION

High-fidelity computational fluid dynamics (CFD) simulations of multiphase and re-
acting flows in propulsion devices are in general computationally expensive due to the
wide range of length and time scales that must be resolved. Within the context of direct
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injection (DI) engine simulations, several approaches have been developed to represent
the fuel injection process and allow for coupling with established spray and combus-
tion models. In the Eulerian-Lagrangian Spray Atomization (ELSA) approach (

, ), the internal nozzle flow and near-nozzle region are dynamically coupled
and modeled using an Eulerian framework. Based on a specified criterion, such as in-
terfacial surface area, the representation of the spray is then transitioned to Lagrangian
parcels. Although this framework allows for accurate coupling between the injector
dynamics and the ensuing spray, the computational expense of this approach limits its
application to engine simulations. In particular, the modeling of the internal flow de-
velopment generally results in timesteps that are two orders of magnitude smaller than
those commonly used in DI engine simulations (O(1 ns) vs. O(0.1 us)). These calcula-
tions can easily become prohibitively expensive in the case of design-oriented studies,
for which a large number of parametric variations is needed to survey the full design
space.

An alternative approach to ELSA for representing the fuel injection process is a static
coupling approach, also referred to as one-way coupling (OWC) ( , ;

, ). In the OWC approach, internal flow simulations are first performed to cal-
culate key quantities at the injector orifice exits, namely injected mass, velocity, turbu-
lence levels, and liquid volume fraction. These spatio-temporal distributions are then
used to initialize a Lagrangian-Eulerian representation of the ensuing spray. Although
OWC enables a framework to couple the injector dynamics with the ensuing spray us-
ing timesteps that are compatible with engine simulations (O(0.1 ps)), the internal flow
simulations remain the computational bottleneck in this framework. As a result, there
remains a need for an efficient end-to-end simulation framework that can couple injec-
tor dynamics with the the resultant spray and combustion characteristics.

To enable the use of high fidelity injector simulations in simulation-based engine
design studies, the time-to-solution must be accelerated by orders of magnitude. One
potential approach to addressing this need is data-driven emulation ( ;

, )- Rather than using CFD to resolve the entire spectrum of length and
time scales, a data-driven emulator is leveraged to predict the flowfields at a fraction
of the cost of full-scale large eddy simulations (LES). A conceptual representation of
this framework is illustrated in Fig. 1 where three phases can be identified. In the first
phase, a spatio-temporal training database is generated from high-fidelity CFD simula-
tions spanning a design space of interest. For highly resolved CFD simulations, accurate
and efficient reduced-order modeling (ROM) is a critical step in enabling emulation. In
particular, ROM techniques are applied to compress the data and extract dominant fea-
tures for physics-based data assimilation. In the second phase, a regression model is
employed to learn the relationship between the selected design parameters, P, and the
reduced-space representations, z. Some examples of commonly used regression models
are polynomial curve-fitting, Gaussian processes ( , ) and deep neural
networks (DNNSs) ( , ). In the last phase, these tools are integrated
into a unified emulator model.

As previously mentioned, ROM is a critical step in developing accurate and efficient
emulators for datasets featuring high dimensionality. Traditionally, many of these tech-
niques have represented the solution of interest either as a linear combination of modes
or by projecting the governing equations onto a linear subspace of the original state
space. This includes proper orthogonal decomposition (POD) ( , ),
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also known as Karhunen-Loéve procedure and principal component analysis (PCA) in

different fields, Galerkin projection ( , ) and dynamic mode decompo-

sition (DMD) ( , )- However, challenges exist in applying these techniques

for ROM for highly non-linear flows, as a large number of modes are required to ac-

curately reconstruct the flowfield. The development of efficient and reliable ROM tech-

niques for such transient nonlinear systems is an active area of research ( ,
; , 2017).

In recent years, deep learning has been widely applied in various fields of sci-
ence and technology due to its ab1hty to account for nonlinear relationships within
the data ( , )- Deep learning, a sub-field of ma-
chine learning and art1f1c1a1 1nte111gence, involves algorithms that are inspired by neu-
roscience and are referred to as deep neural networks ( , ). Autoen-
coders, a type of DNN, can be used for dimensionality reduction. In their seminal work,

( ) used a multi-layer autoencoder to extract codes, i.e.,
compressed representations, for all of the hand-written digits in the MNIST training
set ( , ) and showed that the autoencoder can produce higher-quality
reconstructions than PCA. Similar results were also obtained in the more recent contri-
bution by ( ) who have used parallel processing to reduce the training
time considerably. In the context of fluid problems, ( ), and

( ) utilized a convolutional autoencoder (CAE) to extract the essential
features of free-shear flows. ( ) combined CAEs with recurrent neural
networks for parametric ROMs of one-dimensional and two-dimensional advection-
dominated inviscid systems. ( ) combined the autoencoder network with
a clustering algorithm to provide a probabilistic low-dimensional dynamical model ap-
plied to unsteady flow around a cylinder. These works highlight that autoencoders have
the ability to extract nonlinear modes with lower reconstruction errors at the same level
of data compression than those of POD.

Building on these promising results, this paper highlights the first step in develop-
ing an emulator that can relate selected design parameters with fuel injection condi-
tions, with an exclusive focus on developing an accurate and efficient ROM for recon-
structing the CFD-predicted injector exit conditions. To the best of the authors” knowl-
edge, this work presents the first application of autoencoders for reconstructing the
internal multiphase flow development in a diesel engine-relevant fuel injector. The pa-
per is organized as follows. Section 2 describes the simulation framework employed
in this study in which the injector specifications, operating conditions, CFD setup, and
sample points obtained by the design of experiments are detailed. Section 3 describes
the mathematical formulations of the ROM techniques evaluated in this work, namely
POD and autoencoders. Section 4 presents the results from the application of POD and
autoencoders to the single-hole fuel injector case. Finally, key findings and concluding
remarks are summarized in Sec. 5.

2. SIMULATION FRAMEWORK
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2.1 Baseline injector configuration and operating conditions

The commercially available CFD code CONVERGE v3.0 ( , ) was em-
ployed to simulate the turbulent multiphase flow development within the A-M1 in-
jector, a side-oriented single-hole injector geometry. An illustration of the injector is
provided in Fig. 2, which is comprised of an injector body (shown in gray), needle
(blue), sac (green) and orifice (red) geometry comparable to those of the Engine Com-

bustion Network (ECN) Spray C injector ( , ;
, ) and the Spray Combustion Consortium (SCC) M1 injector (
, ; , ). The computational domain consists of

the lower end of the injector internal volume as well as an outer cylindrical chamber.
The dimensions of the outer chamber (not shown in Fig. 2), i.e., diameter of 4 mm and
length of 10 mm, were selected to prevent wall effects from affecting the initial spray
development. According to the nominal specifications, the injector orifice is oriented
at an angle of 73° with respect to the needle axis and is characterized by a sharp inlet
radius of curvature to promote cavitation inception. The orifice is 1.0 mm long and its
diameter is 170 um. The orifice exit’s cross section is selected as the subdomain of inter-
est for ROM to characterize the thermodynamic and fluid mechanic conditions at the
outlet of the injector, as shown in Fig. 2. The subdomain sampling at this location results
in a slice containing 4,213 grid points. For the baseline case, a fixed needle lift of 15 um
is used. Finally, although eccentric needle displacement is known to affect flow and
cavitation development within the sac and orifice regions ( , ), radial
displacement of the needle was not considered in this work.

The injection condition studied in this work is summarized in Table 1 and is similar
to the baseline cold condition from the ECN. Liquid n-dodecane at a temperature of
323 K is injected with a fuel pressure of 1500 bar into a nitrogen-filled chamber whose
pressure is of 20 bar. Dissolved gas in the fuel is represented using a trace amount

of non-condensable gas (N,), based on recommendations from ( ).
For the baseline configuration, the mass fraction of non-condensable gas is set to 2e-05,
which is consistent with previous numerical studies ( , , ). All cases

studied in this work assume that the injector sac and orifice are completely filled with
fuel at the start of the simulation independent of the needle location. Because the flow
profiles in the injector are evaluated at steady state, it is reasonable to assume that the
initial conditions do not affect the velocity and species predictions at the location of
interest for this work.

2.2 Design of experiments

A design of experiments (DoE) was defined using JMP ( , ), a com-
mercially available statistical analysis software package. A DoE approach allows for
the efficient selection of numerical simulations required to explore a range of design
parameters that are known to affect the injector exit conditions. In this work, three de-
sign parameters were selected, namely needle lift, dynamic viscosity of the liquid-phase
fuel, and level of non-condensable gas in the fuel. The baseline condition (referred to
as “Case 0”) and range of design parameters considered in this study are detailed in
Table 2. The minimum needle lift is defined on the basis of computational constraints
required to adequately resolve the flow, while the maximum needle lift is informed
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from typical needle motion profiles from similar heavy-duty injectors ( , )-
The range of dynamic viscosity values is informed by fuel property space evaluated in
the DoE from ( ), which considered 13 different fuels including
alcohols, alkanes, and methyl esters. The range of non-condensable gas concentrations
was based on consideration of de-gassed fuel (Y, = 1e-07) ( , ) and
solubility limits of the same 13 different hydrocarbon fuels at a standard temperature
and pressure condition ( , ). Within the defined design space, 36 rep-
resentative samples were identified using a variant of the Latin hypercube sampling
(LHS) ( , )- These samples are highlighted in Fig. 3 and described in Table 3.

2.3 Computational model setup

A complete model description and model validation exercises can be found in previ-
ous works by the authors ( , ; , , ), but the salient
details are summarized here. The cavitating flow within the injector is treated as a com-
pressible, homogeneous, multiphase mixture comprised of four-components and two-
phases, specifically liquid and vapor fuel, non-condensable gas and ambient gas. In the
single-fluid homogeneous mixture model, it is assumed the phases are strongly coupled
and in local equilibrium, whereby all components are assumed to have the same pres-
sure, temperature, and velocity within a given computational cell. The homogeneous
mixture assumption is a valid one provided sufficient spatial resolution is employed.

The transient simulation methodology for the multiphase mixture is based on the
solution of the filtered form of the conservation equations of mass, momentum, total
energy and species. Turbulence closure is achieved using the LES technique, which
allows the resolution of large-scale turbulent eddies while modeling the small-scale
contributions to the turbulent flow. A one-equation dynamic structure model (

, ) is employed to characterize the effects of subgrid-scale motion.

Within the mixture modeling approach, « is used to represent the total void fraction
field, where a value of zero denotes a cell comprised of pure liquid and a value of unity
denotes a cell comprised of pure gas (i.e. fuel vapor, non-condensable gas, ambient
gas, or a mixture of the three). Using a pseudo-density concept, p is calculated using
volume-weighted averaging

p=apy+ (1 —«)py, 1)

where p, and p; are the total gas- and liquid-phase densities in the cell, respectively. The
gas phase is described by the Redlick-Kwong equation of state while the liquid phase
is treated as a compressible barotropic fluid. Using the vapor transport method, « is
determined indirectly using a transport equation for each species mass fraction, Y;,

OpY:  OpYiu; __9Ji  9JF

o " om;  om, 0wy 0P @

where J; is the laminar diffusion velocity modeled using Fick’s law, J;®° is the sub-grid
scale turbulent diffusion velocity, and S; is the source term for the ith species due to
phase-change, modeled using the homogeneous relaxation model (HRM) (

, ) that takes into account both fuel cavitation and condensation by assum-
ing a first-order relaxation of vapor quality towards the equilibrium value. « is then
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calculated using the mass fractions for the gas- and liquid-phase components

P/ — ®)
Mg /Pg +mu/pi

where m, is the total gas mass fraction (i.e., fuel vapor, non-condensable gas and ambi-
ent gas) and m; is the total liquid mass fraction.

Spatial and temporal discretizations are achieved with second-order and first-order
accuracy, respectively. A variable time-step algorithm is employed with a maximum
Courant-Friedrichs-Lewy (CFL) number of 0.25, which results in time steps on the
order of 1 ns. Unstructured meshes are generated using the fixed embedding strat-
egy ( , ). The mesh size distribution in the domain for the baseline
configuration (i.e., Case 0) and Case 5 from the DoE study (see Table 3) is shown in
Fig. 4. A minimum mesh size of 5 um is applied at the boundaries of the orifice body
and in the needle seat area at very low needle lifts to improve the accuracy of the so-
lution in such small gaps. For larger needle lifts such as Case 5, the mesh size criteria
is relaxed in other regions of the domain (but kept unchanged in the orifice, sac and
outer chamber) to reduce the overall mesh count. The total cell count is about 5.4 and
6.6 million for Cases 0 and 5, respectively. A grid-convergence study was performed to
minimize numerical uncertainty, as shown in APPENDIX A. Each case takes between
1,400 and 2,000 CPU-hours per 10 us of simulated injection time, depending on the cell
count. A total of Ny = 81 snapshots is acquired starting from ¢ = 20 s, after the flow
reaches its quasi-steady state, and spanning a period of 20 ps. The predicted output
data require about 120 GB of storage per simulation.

3. REDUCED-ORDER MODELING

In general, the CFD-predicted flowfields cannot be used directly to formulate an
emulator, due to the large dataset size characterizing typical design campaigns (i.e.,
tens of design variables plus all of the spatio-temporal flow variables). As a result, the
development of a ROM is a critical step in creating a compact representation of the
CFD-predicted flowfields. In this work, two ROM techniques, namely POD and au-
toencoders, are evaluated in their ability to extract dominant flow structures while pro-
viding an efficient low-order representation of the underlying physics. A description of
each method is provided in the following sections.

3.1 Proper orthogonal decomposition

POD is a model reduction technique that extracts coherent energetic structures from
the calculated flowfield. Detailed explanations of the POD technique can be found
in (1993); (2002); ( ); (2013),
but a brief summary is provided here. Let f*(x, ¢) be a flow variable (e.g., axial velocity
or pressure) at spatial coordinate = and time ¢. Let f¢ € RV* be the i'" snapshot in time
(for a total of N, snapshots; Ns = 81 in the current work) of the discretized solution
of f*, where N}, is the number of spatial points in the mesh (here, N, = 4,213 corre-
sponds to the number of grid points in the subdomain of interest as shown in Fig. 2).
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The POD procedure starts with decomposing f* into its mean, f € RV*, and fluctuating
components, f¢ € RV», as defined below:

f=Ff
N,
-y @
f= A ; £
The snapshot matrix is then built from the collection of N, snapshots
S= [ 2] | ] e RN, .

The POD basis functions can then be extracted using the method of snapshots where
the eigenvalue problem is solved for the correlation matrix C = STS € RV=*N:_ The
eigenvalue problem can be written in the following form

CW = AW, (6)

where A = diag{A, Ay, ..., An.} € RY-*N: s the diagonal matrix of eigenvalues in
descending order (A\; > Ay > ...An,), and W € RN=*Ns jg the eigenvector matrix. The
POD basis matrix can then be defined as

d = SW € RNwx N, )

The POD bases must be normalized so that they are orthonormal. To this end, the or-
thogonal POD basis matrix, &’ € RV *N= is defined as

1 1
Q= — P = —— Py,
R L 27 VAV
where the second equality is true if the eigendecomposition subroutine returns nor-
malized eigenvectors. For the purposes of efficient dimensionality reduction, a reduced

basis, U € RV»*Nr igbuilt by choosing the first NV, columns of ®’, where N, < N;. The
coefficients of this reduced basis can be extracted as

)

A=0Tg e RN*Ns, )

The POD approximation, S ~ S, is then obtained via
S=[FIF] | F%] = wa e RN, (10)

where fi € R is the POD approximation to f’. The captured modal energy, ¢, can be
defined as N
Ne N
e= ZZI\?' , (11)
ZZ:S 1 A
which indicates that as NV, is increased, more energy is retained, and consequently, the

reconstruction accuracy is increased. Generally, N, is chosen as the number of modes
needed to ensure that 99% of the modal energy is captured (i.e. e = 0.99).
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3.2 Autoencoders

An autoencoder is an artificial neural network (ANN) with a specific type of architec-
ture, where the network learns to output an approximation of the input data. A com-
mon use of an autoencoder is to learn a reduced representation of the input data. In
this case, the ANN is structured with a low-dimensional hidden layer in the middle. It
consists of two parts: an encoder F.,,. and a decoder Fg., as seen in Fig. 5. The encoder
is used to map a high-dimensional dataset, e.g., the flow field data predicted by the
CFD simulations, into a code, or low-dimensional latent representation. The decoder is
then used to expand the dimensionality from that of the latent space back to the one
of the original data, reconstructing the dataset ( , ). Convolutional
neural networks are often used for flow fields ( , ). However, since the mesh
is unstructured, a deep fully-connected neural network was employed in the current
study to define the autoencoder structure.
The autoencoder framework was implemented using TensorFlow ( ,
), an open-source Python library for machine learning. The encoder is comprised
of an input layer as well as multiple hidden layers with activation functions, while the
decoder is defined as the mirror image of the encoder. The nonlinearity of the activa-
tion functions has been noted as a key attribute of autoencoders in extracting nonlinear
modes with low reconstruction errors ( , ). In this work, the rectified
linear unit (ReLU) is applied as the activation function to create the non-linear mapping
between the input and output. Mathematically, the forward propagation procedure in
the autoencoder can be described as follows

ii: ]:dec o fenc(q)

= «Fdec(z)’ (12)

where ¢ € RP» and ¢ € RP» denote the encoder input and decoder output, respec-
tively, o is the function composition operator, and z € RPuenr is the latent vector, with
Din and Diptent being the dimension of the input layer and latent vector, respectively.

The autoencoder is trained using the Adam optimization algorithm in a way to min-
imize the loss function, £. £ can be written in terms of the two network functions, i.e.,
as the mean-squared error (MSE) between the input and the output

L(@) = Hq - Ej”MSE

(13)
= Hq — Fdec O]:enc(q)HMSEv

where © contains all of the parameters of the autoencoder. If the original data can
be successfully retrieved, this indicates that the data is well represented in the latent

space ( , ).

4. RESULTS AND DISCUSSION

Results from the baseline simulation and selected DoE cases are presented first to
assess the effects of selected design parameters, namely needle lift, liquid fuel dynamic
viscosity, and level of non-condensable gas in the fuel, on the predicted flowfield at
the injector exit. A comparison between POD and autoencoders is then performed to
evaluate their accuracy in representing the flow in a reduced dimensional space.
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4.1 Effects of needle lift, fuel viscosity and level of non-condensable gas

Figure 6 shows the predicted mass flow rates from the baseline simulation and selected
cases from the DoE study; results from Cases 0, 5, 10, 15, 20, 25 and 30 are reported here.
A sharp increase in the predicted mass flow rate is observed in all of the cases during the
initial stage. This is likely due to the initialization of the sac and orifice volumes, which
results in a higher prediction of fuel mass delivery during the early injection transient
compared to the quasi-steady-state value, which is reached after approximately 15 ps.
This behavior is consistent with previous work on a similar injector ( , ).
For the baseline simulation, the mass flow rate is about 5.76 g/s whereas for the other
cases with higher needle lifts, the mass flow rate is larger at approximately 6.5-7.0 g/s.

The flow profile at the injector exit during the quasi-steady state period (20—40 ps) is
then characterized. Figure 7(a) shows the instantaneous flow streamlines and the total
gas volume fraction field inside the orifice, as well as the composition of the gas phase
at the exit of the orifice for Case 0 at ¢ = 25 ps. The streamlines, colored by velocity
magnitude, highlight the acceleration of the flow from the sac volume into the orifice.
Due to losses associated with the area constriction at the orifice inlet, the local pressure
decreases, as can be seen from the axial distribution along the bottom of the orifice
in Fig. 7(b). When local pressure values lower than the saturation pressure of the fuel
(Psat = 133.3 Pa) are established, fuel vapor generation due to cavitation is predicted.
Pressure recovery is then observed toward the exit of the orifice where the local pressure
matches the ambient one (P, = 20 bar). For this case, the gas-phase composition is
predicted to be composed of both fuel vapor and non-condensable gas (1V,) at the orifice
exit.

Figure 8 shows the same analysis as Fig. 7 but for Case 13, which is characterized
by a larger needle lift (152.034 um), higher fuel viscosity (ur = 1.324 x 10~% N-s/m?)
and higher concentration of non-condensable gas (Y, = 3.729 x 10~*). Compared to
the Case 0 predictions, the flow velocities within the orifice from Case 13 are found to
be larger because of the higher needle lift. Additionally, the gas phase structure at the
orifice exit in Case 13 is mostly composed of non-condensable gas. Thls phenomenon,
commonly referred to as “pseudo-cavitation” ( )
is due to the local expansion of non-condensable gas. This is supported by Flg 8(b)
which shows that the local pressure at the bottom of the orifice exceeds the fuel sat-
uration pressure along most of the orifice length. The relative decrease in cavitation
formation with increased fuel viscosity and non-condensable gas concentration are con-
sistent with previous findings from the literature ( , ; ,

; , ). In general, increased liquid viscosity causes a reduc-

tion of the magnitude of the velocity gradients near the wall, which results in lower
local viscous losses and more contained pressure drops, therefore resulting in reduced
cavitation intensity. Additionally, although increased levels of non-condensable gas did
not sensibly change the predicted total void fraction distribution (i.e., the sum of fuel
vapor and V,), ( ) found that increased non-condensable gas concen-
trations tend to suppress cavitation and formation of fuel vapor due to the competing
effect associated with the expansion of these two species.

Figure 9 shows the composition of the gas phase at the exit of the orificeatt = 25 us
for selected cases from the DoE study. In particular, the total gas volume fraction dis-
tribution is decomposed into the contributions from fuel vapor, non-condensable gas,
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and ambient gas to differentiate cavitation from the expansion of non-condensable gas.
For all of the cases, no ambient gas is observed at the orifice exit plane at this time in-
stant, indicating that gas ingestion is not predicted. Asymmetric flow features caused
by the sharp inlet radius of curvature ( , ; , ) as well
as differing intensities of cavitation and non-condensable gas expansion are observed
across all of the cases. For example, Case 2, which represents a de-gassed condition,
features the highest fuel vapor volume fraction. However, because all design parame-
ters are simultaneously varied across all of the cases shown in Fig. 9, it is challenging
to draw definitive conclusions about the relative influence of each design parameter on
the orifice exit flowfield.

To characterize the impact of the selected design parameters on the flowfield char-
acteristics shown in Fig. 9, variance-based sensitivity analysis ( , ) was per-
formed. In this analysis, the instantaneous total gas-phase volume fraction and fuel-
vapor volume fraction values were calculated at the orifice exit plane for each CFD case
and selected as the response metrics. The total effect indices were then calculated, which
quantify the effect of a given design parameter, and its interactions with other design
parameters, on the variance observed in the response. A comparison of the total effect
indices is illustrated in Fig. 10. The sensitivity analysis reveals that the fuel vapor vol-
ume fraction at the orifice exit is most highly influenced by the level of non-condensable
gas in the fuel, where higher levels of non-condensable gas result in decreased levels of
fuel vapor volume. In contrast, the needle lift position was found to be the dominant pa-
rameter for the total vapor volume fraction, where lower needle lifts resulted in higher
levels of vapor generation that persisted until the orifice exit. For both fuel vapor and
total gas volume fractions, the liquid fuel dynamic viscosity was found to be the least
influential parameter. Although previous work in the literature has noted a strong neg-
ative correlation between liquid fuel dynamic viscosity and cavitation ( ,

; , ; , ), it is important to note that these
studies focused on cavitation inception. In contrast, the findings from the sensitivity
analysis highlight that the persistence of gas-phase structures in the orifice are most
strongly related to level of non-condensable gas in the fuel and needle lift position.

Using the predicted flowfields across the evaluated design space, two ROM tech-
niques are evaluated and compared in their ability to accurately and efficiently repre-
sent the flowfield at the injector exit plane. These findings are discussed in the following
sections.

4.2 Assessment of POD for model reduction

The POD characteristics are first investigated to assess the ability of the POD modes
to represent the original dataset, as well as to identify possible limitations of this tech-
nique. As previously mentioned, the subdomain of interest for ROM is located near the
exit of the orifice (see Fig. 2). Figure 11 shows the percentage of the captured energy ob-
tained from POD for Cases 5, 10, 15, 20, 25 and 30 and reveals the amount of information
omitted by the POD representation for any particular number of modes. As previously
noted, the captured modal energy from POD was calculated using Eq. 11. While, by
definition, the whole energy is captured when the complete set of modes (81 here) is
included, the growth rates of the energy distributions are found to be different among
the cases. To quantify these differences, the number of POD modes required to recover
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99 % of the modal energy is identified; this variable is denoted by N, g9¢. Table 4 shows
that IV, g9y is different among all of the cases. For instance, Case 5 requires 47 modes
to recover 99% of the energy while Case 30 requires 31 modes. This suggests the occur-
rence of different flow dynamics among all of the cases. In general, it is observed that
cases with more “energetic” flows and finer scale features require a higher number of
modes for accurate reconstruction. For example, Case 5 exhibits finer flow structures
compared to the other cases (see Fig. 9) and requires the largest number of modes to
capture 99 % of the modal energy, as noted in Table 4. Additionally, it is observed that
conditions characterized by similar predicted flow structures at the injector exit (e.g.,
Cases 10 and 15) require similar IV, 999, values.

The ability of POD to reproduce the original CFD solution is visualized in Fig. 12,
where the POD-based reconstructions of total gas volume fraction fields for different
numbers of modes are shown at ¢t = 25 us for Cases 10 and 15. In each case, results
using between 1-8 modes and N,. g9 %, modes are reported. It is important to note that
N,.99 % is equal to 42 in Case 10 and to 40 in Case 15. In general, the accuracy of the
POD reconstruction is observed to increase with the number of retained modes. In ad-
dition, the relatively large number of modes needed to capture the flow structures in
details is an indication of the slow convergence of POD representations toward the ac-
tual solution. This result highlights the challenge of applying POD as an efficient ROM
technique for nonlinear problems.

4.3 Assessment of autoencoders for model reduction

In this section, the ability of autoencoders to perform efficient model reduction is eval-
uated and compared against that of POD. The training dataset was obtained by extract-
ing the total gas volume fraction fields at the exit of the orifice (see Fig. 2). Similar to the
methodology for POD, a total of 81 snapshots was extracted from each CFD simulation,
sampled at regular time intervals between ¢t = 20 and 40 us of simulated injection time.
Each snapshot was flattened to a one-dimensional vector of size Dj, (here, Di, = 4,213
corresponds to the number of grid points at the orifice exit) and provided as input to the
autoencoder. It is worth mentioning that the design parameters were not explicitly pro-
vided as input to the model. Each weight matrix was randomly initialized from a uni-
form distribution in the range [—s, s] for s = 1/y/Dy, where D, is the dimension of the
input to the layer, in line with the suggestions from ( ). Each bias
vector was initialized to 0. The autoencoder was trained on an NVIDIA Tesla K80 GPU.
The optimized network architecture and hyperparameters were obtained by means of
manual tuning following the methodology described in ( ); the
autoencoder with the minimum error was selected as the final model. In this study,
two autoencoder-based ROMs were developed. A customized autoencoder (shortened
to “Custom-AE” for the sake of brevity) was formulated for each CFD case by training
on the 81 snapshots from the simulated injection period. The training of each Custom-
AE results in specialized set of autoencoder weights and biases. The results from the
Custom-AE allow for direct comparison with POD for each case. For the second ROM, a
universal autoencoder (shortened to “Univ-AE”) was formulated by training the model
with snapshots from various CFD cases throughout the three-dimensional design space.
The merits of the two autoencoder-based ROMs will be discussed in the following two
sections.
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4.3.1 Customized autoencoder for each CFD case

For each Custom-AE, 81 snapshots from the simulated injection period were used as
training data, and the neural network that yielded the lowest training loss while balanc-
ing the size of the latent space vector was selected as the final model. Through manual
exploration, the selected autoencoder configuration contains 8 hidden layers (4 encoder
layers and 4 decoder layers) with the following hyperparameters: a batch size of 10, a
learning rate of 1 x 1073 for the Adam optimizer, and a latent vector of size 2, yielding
a compression ratio (i.e., ratio of the size of the input layer to that of the code) of 2106.5.
We did not use L, regularization in this case. The number of neurons per hidden layer
in the encoder and decoder is Hencoder = [200, 50, 25, 10] and Hyecoder = [10, 25, 50, 200],
respectively, where H; is the number of neurons in the j-th hidden layer. This results in
a total of 1,713,025 trainable parameters. The hyperparameters used for this configura-
tion are summarized in Table 5. The variation of MSE loss with the number of iterations
is shown in Fig. 13, where representative results are reported using the Custom-AEs
for Cases 5 and 30. MSE values of 6.830 x 10~* and 4.805 x 10~* are achieved for the
reconstructed fields for Cases 5 and 30, respectively. The low MSE values indicate that
the Custom-AEs accurately represent the predicted flowfield at the exit of the injector
orifice. The training time of each of the Custom-AEs on the GPU is about 3 min.

To further illustrate the performance of the Custom-AEs, the reconstructed total
gas volume fraction fields are compared with those from POD. For POD, the recon-
structed field is shown by using 2 modes and 8 modes. As shown in Fig. 14 for Case 5
att = 25 us, the reconstructed fields from both ROM methods show reasonable agree-
ment with the CFD solution. The L, error is also reported for each ROM technique
to visualize the local errors between the reconstructed and CFD-predicted flowfields.
Overall, the flowfield reconstructed by the Custom-AE yielded the lowest L, errors
and provided a more accurate reconstruction than POD. Similar results were found for
the other snapshots as well. To assess the overall behavior, Table 6 reports the MSE val-
ues for selected cases, calculated across the 81 snapshots for each CFD case. It is clear
from this table that the Custom-AE approach provides better reconstruction accuracy
than POD with 2 modes. Furthermore, despite a latent space of size 2, the Custom-AE
outperforms the POD with 8 modes as well. This comparison highlights the merit of us-
ing well-trained autoencoders as an ROM technique. However, we note that to choose
between ROMs to apply on future data, we should collect more snapshots and compare
the accuracy of the ROMs on this held out data that was not used in the modeling pro-
cess. Therefore, in the next section, we split the data into training, validation, and test
datasets.

4.3.2 Universal autoencoder

The previous section demonstrated the ability of Custom-AEs to more accurately com-
press the instantaneous and ensemble-averaged flowfields than POD. However, similar
to POD, the Custom-AE was applied to each CFD case separately, which resulted in dif-
ferent reconstruction functions (i.e., decoder weightings) across the selected design pa-
rameters. In the context of emulation, where changes in design parameters are related
to a predicted flowfield, the optimal ROM method is one that provides a consistent or
universal reconstruction function throughout the design space. Therefore, the Univ-AE
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was developed to extend the applicability of autoencoders as an efficient ROM within
an emulation framework.

For the Univ-AE, all of the snapshots from Cases 1-36 were used to formulate and
test the autoencoder. The snapshots were divided into 4 sets, as shown in Table 7. First,
the snapshots from Cases 1-30 were collected and randomly split into three separate
groups, where 70% of the snapshots was used for training, 20% for validation, and 10%
for testing. These groups are referred to as training set, validation set, and test set 77,
respectively. Then, a fourth group was considered, referred to as test set 15, using all of
the snapshots from Cases 31-36.

L, regularization ( , ) and an early stopping criterion ( ,

) were employed to prevent overfitting. The early stopping criterion was set at
5,000 iterations while the maximum number of epochs was set to 2,200. This means that
if training exceeded 5,000 iterations without an improvement in the accuracy, the ses-
sion would be terminated, and a different set of hyperparameters would be explored*.
The best model which provided the lowest validation loss in the training process was
selected and used for the model evaluation.

The selected Univ-AE from the manual search contains 10 hidden layers (5 encoder
layers and 5 decoder layers) with the following hyperparameters: a batch size of 25,
a learning rate of 2 x 107> for the Adam optimizer, a L, regularizer of 7 x 107%, and
a latent vector of size 8, yielding a compression ratio of 526.625. The number of neu-
rons per hidden layer in the encoder and decoder is Hepoder = [400, 200, 100, 50, 25]
and Hgecoder = [25,50, 100,200,400], respectively, which results in 3,589,071 trainable
parameters. The dataset sizes and hyperparameters used for the Univ-AE are summa-
rized in Tables 7 and 8, respectively. The variation of MSE loss with the number of
iterations is shown in Fig. 15. The curve shows good convergence and no evidence of
overfitting is observed. MSE values of 1.3 x 1073 and 1.528 x 10~2 are achieved for
the reconstructed fields on training data and validation data, respectively. The train-
ing time of the Univ-AE on the GPU is about 20 min, i.e., roughly 7 times slower than
each of the Custom-AEs. This is expected since the Univ-AE consists of a larger neural
network and contains more trainable parameters than the customized autoencoders.
However, this representative time is almost two orders of magnitude smaller than the
time required to generate the training data using the CFD simulations.

A first validation of the Univ-AE is performed through quantitative assessment on
the testing set T}, which contains snapshots that the autoencoder has not seen previ-
ously. A low MSE value of 1.579 x 1072 is observed on this dataset, indicating that
the autoencoder performs in the desired manner and doesn’t overfit. Additionally, this
result indicates that the Univ-AE performs well in terms of interpolation and gener-
alizability on new snapshots. To better address the generalizability of the model and
show that flowfields at unknown operating points can still be reproduced by Univ-AE,
the autoencoder is then assessed on the testing set 75, containing snapshots from new
values of the design parameters not explored during training. Low MSE values (i.e.,
smaller than 2.6 x 10~3) are observed on the cases from the second test set, as shown in

*Note the difference between the number of epochs and iterations. An epoch is one forward pass
and one backward pass of all of the training examples whereas each iteration is on one batch.
As an example, if 1,000 training examples are considered, and the batch size is 50, then it will
take 20 iterations to complete 1 epoch.
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Table 9, indicating that the model can also generalize well to new operating conditions.

Figures 1618 show the temporal evolution of the flowfields computed by CFD and
those reconstructed by the Univ-AE for Cases 31, 32, and 34, respectively. In these fig-
ures, instantaneous distributions of the total void fraction are shown between ¢ = 25
and 40 ps. It is clearly observed that the reconstructed flowfields are in good agreement
with the original data at all of the time steps.

For completeness, Table 6 reports a comparison of the accuracy of the Univ-AE
method relative to POD and Custom-AE. Overall, the reconstructed flowfields by the
Univ-AE are on par with those from 8-mode POD in terms of accuracy. Although the
Univ-AE framework yields slightly higher MSE values than POD, our experience to
date has shown that training with more data will improve the accuracy of the Univ-AE.
If it is determined that a higher level of accuracy is needed from the Univ-AE to pro-
duce adequate emulation results, then future work will focus on this additional training
campaign. Additionally, although the manual search process yielded a high-performing
ROM, as indicated by the low MSE values, it is possible that the optimal architecture
and set of hyperparameters has not yet been found. Through the use of automated
tools, such as DeepHyper ( , ), a more comprehensive search can
be conducted to further optimize the Univ-AE.

In summary, the use of a Univ-AE enables accurate data reduction for the CFD-
predicted multiphase flow development within a diesel-relevant fuel injector, while
simultaneously providing a universal reconstruction method across the entire design
space of interest. The compressed representations obtained by the Univ-AE affords the
opportunity to systematically build an efficient emulator model to relate changes in
design parameters to the resultant injector exit flow conditions.

5. CONCLUSIONS

The development of accurate reduced-order models (ROMs) has been identified as a
critical step in formulating predictive emulators that can reproduce fields of interest.
In this work, different ROM techniques were evaluated and compared in their abil-
ity to reconstruct the multiphase flow development in a diesel-relevant side-oriented
single-hole injector. Computational fluid dynamics (CFD) simulations were employed
to study the impact of selected design parameters, namely needle lift, liquid fuel dy-
namic viscosity, and level of non-condensable gas in the fuel, on the distribution and
composition of gas-phase flow structures at the orifice exit.

It was shown, that due to the sharp inlet radius of curvature, cavitation formation
was predicted for all cases. However, different gas-phase flow structures were predicted
across the design space. Using variance-based sensitivity analysis, it was found that
the fuel vapor volume fraction at the orifice exit was most strongly influenced by the
level of non-condensable gas in the fuel, whereas the total vapor volume fraction was
most highly influenced by the needle lift. Although liquid fuel viscosity is known to
influence cavitation inception, viscosity was found to have the least influence on the
extent of gas-phase flow structures within the orifice.

The large amount of data generated via the CFD simulations, which spanned the
multidimensional design space of interest, was then used to define a spatio-temporal
training database characterizing the flowfield at the exit of the injector. ROMs were
then formulated to allow for design parameters to be related to the CFD-predicted
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injector exit conditions. Results using proper orthogonal decomposition (POD) were
compared with two autoencoder-based methods, a customized autoencoder (“Custom-
AE”) that yielded a different reconstruction function for each CFD case, and a universal
autoencoder (“Univ-AE”) that yielded a single and consistent reconstruction function
across the design space of interest. All ROMs were able to provide accurate reconstruc-
tions of the exit flow conditions, as indicated by mean-squared error (MSE) values be-
low 4 x 1073,

Across all of the cases studied, it was found that POD required a larger number
of modes to accurately reconstruct the total gas-phase volume distribution relative to
the autoencoder-based methods. Additionally, for the same level of data compression,
the Custom-AEs provided better reconstruction accuracy than POD, while the Univ-AE
provided comparable reconstruction accuracy.

These findings indicate that the Univ-AE developed in this work is an accurate and
efficient ROM technique that is well suited for use in emulation. Future work will focus
on extending the Univ-AE approach to represent other key flow variables at the orifice
exit (e.g., velocity components, turbulent kinetic energy, etc.), and on building a regres-
sion model to learn the relationship between the selected design parameters and the
latent space of the Univ-AE. Incorporation of the model into an emulator framework
will enable efficient multiphase flow predictions at new design settings and provide ac-
curate spatio-temporally varying boundary conditions to more advanced fuel injection
models. This approach shows promise of dramatically improving the accuracy of end-
to-end CFD simulations of reacting multiphase flows, while ensuring computational
efficiency comparable to that of existing modeling approaches.
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FIG. 2: Three-dimensional view of the baseline A-M1 injector. Also shown are a zoomed-in view
of the orifice and the subdomain that is used for ROM.
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exit of the orifice (bottom); (b) Pressure and axial velocity distributions along the axial direction
at the bottom of the orifice. All results shown here are obtained at t = 25 us from Case 0.
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at the bottom of the orifice. All results shown here are obtained at t = 25 us from Case 13.
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FIG. 16: Temporal evolution of total gas volume fraction field for Case 31 from test set 75. Flow-
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FIG. 18: Temporal evolution of total gas volume fraction field for Case 34 from test set 75. Flow-
fields computed by CFD (referred to as “Truth”) and those reconstructed by Univ-AE are com-
pared. The MSE value and distribution of L,-norm error are also indicated for each snapshot.

Volume x, Issue x, 2020



26 PJ. Milan, R. Torelli, B. Lusch & G.M. Magnotti

TABLE 1: Summary of the injector operating condition evaluated in this study.

Parameter Values

Fuel | n-dodecane

Injection pressure [bar] 1500
Ambient pressure [bar] 20

Fuel temperature [K] 323
Saturation Pressure [Pa] 133.3

Bulk Modulus [GPa] 1.475
Reference fuel density [kg/ m’] 727.4

TABLE 2: Design space considered in this study. For each variable, the baseline, min-
imum and maximum values are indicated. Also, the fuel viscosity, L, is specified at

323 K.

Design Variable | Baseline Min. Max.
Needle lift [um] 15 15 400
tp [N-s/m?] | 9.418e-04 | 2.88e-04 | 1.51e-03

W, [-] 2e-05 le-07 le-03
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TABLE 3: Description of the cases from the DoE study. The fuel viscosity, 1Lr, is specified

at 323 K.

Case | Needle lift [um] | pp [N-s/m’] Yn, [-]
1 93.31 1.158e-03 | 2.374e-04
2 80.26 5.158e-04 | 1.000e-07
3 112.88 4.537e-04 | 9.661e-04
4 230.34 7.229e-04 | 8.475e-04
5 386.95 4.951e-04 | 7.797e-04
6 184.66 1.220e-03 | 7.119e-04
7 41.10 1.427e-03 | 2.882e-04
8 243.39 1.199e-03 | 6.102e-04
9 360.85 1.510e-03 | 8.644e-04

10 276.02 7.644e-04 | 4.577e-04
11 308.64 1.179e-03 | 2.713e-04
12 295.59 9.094e-04 | 8.814e-04
13 152.03 1.324e-03 | 3.729e-04
14 86.78 8.679e-04 | 1.865e-04
15 178.13 3.087e-04 | 1.357e-04
16 282.54 4.744e-04 | 3.390e-04
17 217.28 9.508e-04 | 2.543e-04
18 119.40 3.708e-04 | 6.272e-04
19 236.86 1.489¢e-03 | 3.052e-04
20 256.44 1.282e-03 | 8.136e-04
21 262.96 5.365e-04 | 7.458e-04
22 54.15 3.501e-04 | 2.204e-04
23 132.45 1.096e-03 | 6.441e-04
24 289.06 1.406e-03 | 5.094e-05
25 47.62 7.022e-04 | 9.492e-04
26 321.69 2.880e-04 | 5.424e-04
27 328.22 1.469e-03 | 5.085e-04
28 191.18 1.241e-03 | 1.526e-04
29 106.35 1.448e-03 | 6.949¢-04
30 28.05 7.437e-04 | 3.399e-05
31 178.14 1.386e-03 | 3.353e-04
32 112.88 3.501e-04 | 8.555e-04
33 373.90 1.179e-03 | 8.227e-05
34 249.92 1.054e-03 | 1.597e-07
35 210.76 6.815e-04 | 3.919e-04
36 165.08 9.508e-04 | 4.582e-04
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TABLE 4: Number of POD modes, N,. g9%, required to capture 99 % of the modal energy
for selected cases from the DoE study.

Case | N, g9
5 47

10 42
15 40
20 37
25 39
30 31

TABLE 5: Hyperparameters used for the Custom-AEs.

Parameter Value

Number of epochs 4,000

Batch size 10

Number of hidden layers 8

Hencoder [2007 507 25, 10]
Hdecoder [107 257 507 200]

Doge 2

Optimizer for network Adam
Learning rate 1 %1077

L, regularization 0
Activation function ReLU

TABLE 6: MSE values for POD, Custom-AE and Univ-AE. Results are shown over the
81 snapshots from Cases 5, 15 and 30. For POD, results are shown using 2 modes and 8
modes.

Case | POD (IN,- =2) | POD (N, = 8) Custom-AE Univ-AE
5 3.719 x 10~° 1.705 x 10> | 6.830 x 10~% | 1.996 x 1073

15 3.706 x 1073 1.280 x 1073 | 4.603 x 107* | 1.689 x 1073
30 3.357 x 1073 9.324 x 107* | 4.805 x 107* | 1.266 x 1073

TABLE 7: Dataset sizes used for formulating and testing the Univ-AE.

Set Description | Number of snapshots

Training set | 70% of the snapshots from Cases 1-30 1,701
Validation set | 20% of the snapshots from Cases 1-30 486
Test set 71 | 10% of the snapshots from Cases 1-30 243
Test set 7> | All of the snapshots from Cases 31-36 486
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TABLE 8: Hyperparameters used for the Univ-AE.

Parameter Value

Number of epochs 2,200
Batch size 25

Number of hidden layers 10
Hpcoder | [400,200, 100, 50, 25]

Hyecoder | [25, 50,100,200, 400]

D code 8

Optimizer for network Adam
Learning rate 2x107°

L, regularization 7 %1070
Activation function ReLU

29

TABLE 9: MSE values for Univ-AE on the testing set 7>. Results are shown over the 81
snapshots from Cases 31-36.

Volume x, Issue x, 2020

Case

Univ-AE

31 [ 9.020 x 10~7
32 | 2.506 x 1073
33 | 8.840 x 107*
34 | 1.364 x 1073
35 | 1.537 x 1073
36 | 1.357 x 1073
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APPENDIX A. GRID SENSITIVITY ANALYSIS

Four minimum mesh sizes inside the orifice (20, 10, 5, and 3 pum) were evaluated
on one of the cases, which is characterized by a needle lift approximately half the way
between maximum and minimum lifts. To this purpose, Case 13 was selected to evalu-
ate the influence of minimum grid size on the CFD predictions. Several grid resolutions
were evaluated by imposing different levels of refinement T on base mesh sizes of 640,
320, 160, and 96 pum, respectively. The total cell count is about 0.3, 1.3, 6.5 and 22.4
million, respectively. Figure A.19 shows an example of the meshes obtained with two
strategies, using 10 pm (left) and 5 pm (right) as the minimum mesh size inside the
orifice. Figure A.20 reports the predicted mass flow rates. The results indicate that a
minimum mesh size of 5 um was sufficient to ensure reliable predictions of mass flow
rate. Similar results also hold for other simulated design points that are not shown here
for the sake of brevity. In consideration of computational accuracy and efficiency, the in-
termediate grid with a minimum mesh size of 5 um was thus selected for the remainder
of this study.

Mesh size (um)
-
20 40 80 160 320

Mesh size (um)
5 10 20 40 80 160 320

A miiiy

(@) (b)

FIG. A.19: An example of mesh generated with two strategies on Case 13.

"The CFD code CONVERGE uses the input parameter grid_scale (which denotes the level
of refinement) to change the base grid according to the following formula: scaled grid =
base_grid /28 For example, for a base grid of 320 um and a refinement level of 5 at the
boundaries of the wall of the orifice body, the corresponding scaled grid is 10 um, and so forth.
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FIG. A.20: Predicted mass flow rates for different mesh strategies on Case 13.
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