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Fast Prediction of Two-Dimensional Flowfields with Fuel Injection
into Supersonic Crossflow via Deep Learning”

Kento AKIYAMA and Hideaki OGAWAT

Department of Aeronautics and Astronautics, Kyushu University, Fukuoka 819-0395, Japan

Fuel injection is one of the most crucial components for scramjet engines, a promising hypersonic airbreathing tech-
nology for economical and flexible space transportation systems. While surrogate modeling based on machine learning has
been employed to replace computational simulations for performance evaluation in design optimization of such compo-
nents, it can inherently predict performance parameters only as scalar quantities. This study investigates the capability of
deep learning to predict the fuel injection flowfields, aiming to assist with data-driven approaches for data mining and
optimization. Two-dimensional flowfields with sonic fuel injection into a Mach 3.8 crossflow have been trained using
the multilayer perceptron. The resultant model has been found to be able to predict the flowfields instantaneously with
reasonable accuracy. Local sensitivity analysis has been performed to examine the influence of the design variables on
flow properties to gain insights into the effects of their variations on local flow phenomena.
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1. Introduction
Hypersonic airbreathing propulsion offers the potential to
enable a reliable and economical means of transportation for
access to space and high-speed atmospheric flight. In partic-
ular, supersonic combustion ramjet (scramjet) engines are a
promising technology that can realize efficient and flexible
transportation systems by removing the limitations of con-
ventional rockets engines, including the need to carry oxi-
dizers. Continuous efforts dedicated to scramjets have led
to various flight experiments.'?

Fuel injection is one of the key components for scramjet
engines; characterized by an extremely short time scale and
complex interactions between fuel and air, including mixing,
ignition, and combustion. The development of an effective
and reliable fuel-injection system is thus of crucial impor-
tance for successful scramjet operation. Numerous experi-
mental and numerical studies have been conducted to inves-
tigate the characteristics of flowfields for transverse injection
into supersonic flow.>®

Fuel injection for supersonic combustion commonly aims
to maximize mixing efficiency and total pressure savings,
while ensuring desirable penetration to achieve reliable and
efficient scramjet operation. Effective design approaches to
fulfill such multiple design requirements include methodolo-
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gies that combine computational fluid dynamics (CFD) and
multi-objective design optimization (MDO) using popula-
tion-based algorithms such as evolutionary algorithms. De-
spite their ability for robust search, such approaches inher-
ently require large computational cost to identify the Pareto
optimal front comprising non-dominated solutions in the de-
sign space based on evaluations of individuals in the popula-
tion pool. Surrogate modeling based on machine learning has
been developed to be incorporated into the MDO framework
so as to mitigate the computational cost. MDO frameworks
assisted by surrogate modeling have been applied success-
fully to various design optimization problems for scramjet
components.”® However, conventional surrogate models
can generally predict only scalar functions, and thus do not
provide information on local flowfields. It is therefore diffi-
cult to gain insights into relations between performance
and physical phenomena directly without performing CFD
simulations and probing into the results for selected solu-
tions. To overcome this limitation of such approaches, re-
duced order modeling techniques such as proper orthogonal
decomposition and dynamic mode decomposition are uti-
lized owing to their ability to decompose and reconstruct
flowfields.>!?)

With the recent advancement of computing technologies,
the field of data science has further advanced, paving the
way for state-of-the-art data-driven approaches. In particular,
deep learning can represent complex functions flexibly and
accurately, as compared to conventional methods. Its capa-
bility has successfully been demonstrated in a wide range
of domains such as image processing, automated driving,
and medicine. Deep learning has also been applied to various
problems in the fields of fluid dynamics and fluid engineering
including feature extraction!" and physics-informed neural
networks.!'>!? Sekar et al. investigated the capability of deep
learning approaches to predict the flowfields around airfoils
by utilizing a convolutional neural network (CNN) and mul-
tilayer perceptron (MLP), and verified the ability to accu-
rately predict the flowfields even for geometries that have
not been used for training.'? In the research of scramjet en-
gines, Kong et al. utilized a CNN to predict the velocity flow-
fields from measured wall pressure in scramjet isolators, ver-
ifying the accuracy of the prediction.'’> However, deep
learning has not been applied to supersonic jet-to-crossflow
flowfields caused by scramjet fuel injection, despite signifi-
cant benefits to be brought by the fast prediction of such
complex flowfields in scramjet combustor design. Further-
more, no preceding work has discussed the utility of auto-
matic differentiation from deep learning for local sensitivity
analysis, which can be used to predict the behavior of local
flow phenomena in response to changes in the design condi-
tions.

The present study investigates the capability of a deep
learning-based approach to predict complex flowfields
caused by transverse gas injection into a supersonic cross-
flow, aiming to enable an advanced MDO framework incor-
porating multi-dimensional data-driven approaches. Two-
dimensional jet-to-crossflow flowfields with two design var-
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iables, namely injection pressure and angle, are calculated by
solving the compressible Navier-Stokes equations to gener-
ate a dataset. Upon training via MLP, the resultant model
is tested for the flowfields that have not been used in training
to assess its performance and robustness. In addition, local
sensitivity analysis is performed to allow for detailed inves-
tigation of the influence of the design variables on local flow
properties.

2. Approaches

2.1. Setups
2.1.1. Flow condition

The freestream conditions are Mach number M., = 3.76,
static pressure po, = 1.03 x 10° Pa, and static temperature
Ts = 74.4K. Helium at a static temperature of 7; = 214.1K
is used as the fuel to allow the investigation of flowfields
caused by fuel/air mixing without combustion as well as
comparison with the experiment conducted by Inoue
et al.'® It is injected sonically into the freestream airflow at
a Mach number of M; = 1.0. The air composed of oxygen
and nitrogen and helium are both assumed as calorically per-
fect gases with constant specific heat ratios.
2.1.2. Configuration

The configuration of the injector and the flow domain is
shown in Fig. 1, along with the computational mesh and
boundary conditions. It schematically displays two main pa-
rameters; namely, the injection pressure p; and the injection
angle «;. The injection width wj is determined according to
the injection pressure to supply the fuel (helium) so as to en-
sure a constant mass flow rate. A separate CFD computation
is performed on a flat plate over a distance of 240 mm to ob-
tain the flow profile for the turbulent boundary layer to be im-
posed at the entrance of the computational domain. In the
current study, the origin of the domain is set at the center of
the injection. The height of the computational domain (H),
the distance from the leading-edge to the centerline of the in-
jection (L), and that from the centerline of the injection to the
exit of the computational domain (S) are fixed at 100 mm,
60 mm, and 100 mm, respectively.

fressme far field
§ Pressure outlet

0.1

i
i

Fig. 1. Computational mesh and boundary conditions. (Top: overall do-
main, Bottom: close-up view)
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2.2. Computational fluid dynamics
2.2.1. Numerical scheme

The steady injection flowfield is computed by solving the
Reynolds-averaged Navier-Stokes (RANS) equations using
the commercial CFD solver ANSYS Fluent 2021 R1.!”
The computation is performed at the second-order spatial ac-
curacy, with the Advection Upstream Splitting Method
(AUSM)'® utilized for flux splitting and the SST k-w mod-
el'” for turbulence modeling. The convergence is assessed
based on the energy residual (i.e., criterion set at 1073 in the
present study) as well as the difference between the inflow
and outflow mass flow rates, the latter of which needs to be
less than 1073 kg/s-m, and is equivalent to 3.2 x 1073% of
the inflow mass flow rate.
2.2.2. Computational mesh

The computational domain represented by a fully struc-
tured mesh is generated by an open-source mesh generator
Gmsh.?” The domain comprises 136,473 cells in total, with
the height of the lowest cells fixed at 0.003 mm, which re-
sults in the value of the average nondimensional wall dis-
tance y* being less than 1.0.
2.2.3. Validation

A preliminary study is performed to examine the validity
of the numerical modeling. Figure 2 compares the surface
pressure distributions on the bottom wall between the present
numerical (CFD) result and the experimental measurement
reported in the preceding work.'® That study also considered
two-dimensional helium injection into a supersonic airstream
with the same flow conditions at an injection pressure of
9.76 x 10*Pa and an injection angle of 90 deg. Reasonable
agreement can be seen between them, validating the numer-
ical setup used in this study.
2.2.4. Mesh sensitivity

A mesh sensitivity analysis is conducted to determine a
suitable resolution capable of resolving the flowfield in ad-
equate detail at a reasonable computational cost. The mesh
consists of 66,280 cells for the coarse resolution, 136,473
cells for the medium resolution, and 498,830 cells for the fine
resolution. Figure 3 compares the wall pressure distributions
for each resolution, exhibiting rather little difference among
all mesh resolutions. Based on this analysis, the medium
mesh resolution is chosen to strike a balance between the
computational cost and accuracy for the main study.

—— CFD (present)
[ Experiment [16]

0.00 002 004 006
x [m]

0

—0.04  -0.02

Fig. 2. Comparison of wall pressure distributions between present CFD
and the preceding experiment.'®
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2.3. Deep learning
2.3.1. Multilayer perceptron

MLP is utilized for predicting jet-to-crossflow flowfields
owing to its suitability to predict flow properties on arbitrary
coordinates in the domain in the prospect of using the trained
model for design optimization. Training and prediction using
MLP are performed on NVIDIA TITAN RTX graphics cards
featuring the Turing architecture with 4,608 CUDA cores
and the Tensorflow 2.4.0 open-source library?! at single pre-
cision. The MLP network architecture is shown in Fig. 4,
consisting of input, hidden, and output layers. The input
layer receives the user-defined input features, which are
transformed using linear combination and a nonlinear activa-
tion function.

This transformation is applied to each layer up to the out-
put layer, which returns the prediction results. The output of
a neuron in the first hidden layer and that of the /th hidden
layer are given by

4

h} =f <;(W}kxk + b})) (1)
Nl—l

hy = fi (;(wi-khﬁ:l + b§)> &)

where x;. is the kth input, V' =1 is the number of neurons for
the [ — 1th layer, A} is the output from the kth neuron in the
Ith layer, fis the nonlinear activation function, wj; is the
weight from the kth neuron in the previous layer to the jth
neuron of the current layer, and b; is the bias term in the
jth neuron.

The coordinates (x, y) and the design variables (i.e., injec-
tion pressure and injection angle) are used as the input vari-

== CFD (Coarse)
—- CFD (Medium)
CFD (Fine)

0

-0.04 -0.02 0.00

x [m]

0.02 0.04 0.

Fig. 3. Comparison of wall pressure distributions from CFD calculations
using various mesh resolutions.

[t L L J

Input layer Hidden layer Output layer

Fig. 4. MLP flow prediction network.
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Table 1. Ranges of design variables.

Table 2. Setup of MLP training.

Lower limit

50,000
30

Design variable Upper limit
200,000

90

Injection pressure p; [Pa]
Injection angle o; [deg]

@ Train Validation

O Test

90

°
®o® o ..’ o
o ° %:'. et :.'..s ¢

30 ° L
50000 100000 150000 200000

pj [Pa]

Fig. 5. Distributions of design variables.

ables. The flow properties, namely velocity components,
static pressure, static temperature, mass fractions of helium,
oxygen, and nitrogen, are predicted at each location. There
are two output layers in this study; that is, one for mass frac-
tions and the other for the other flow variables (i.e., velocity
components, static pressure, and static temperature). To al-
low for prediction using the trained model and assessment
of its performance with minimum tuning requirements, the
rectified linear unit function (ReLU) and the Softmax func-
tion are utilized as the activation functions.?” The latter is
used only in the output layer of the mass fractions to ensure
that the sum of the mass fractions is unity.
2.3.2. Sampling

Latin hypercube sampling (LHS) is utilized to generate the
dataset quasi-uniformly without biasing.?® Flowfields were
calculated for 300 cases yielded by LHS: 292 satisfied the
convergence criteria and were used to create an MLP model,
250 cases were used for training, 25 cases were used for val-
idation, and the remainder for testing. As described in Sec-
tion 2.1.2, the flowfield is defined by two design parameters;
namely, injection pressure (p;) and injection angle (c;)
whose ranges are shown in Table 1. The distributions of
these design variables in the design space are plotted in
Fig. 5. Each flowfield has 137,255 nodes, thus the number
of the training data points totals approximately 30 million.
2.3.3. Training

The training of MLP is performed using gradient-based
optimization, utilizing back-propagation for calculation of
the gradient of the loss function with respect to each weight
and bias. In this study, the neural network consists of five
fully connected layers comprising 500 neurons per layer.
There are two output layers in the present study; hence, the
loss function is expressed as

E=E +E, 3)

where E; is the loss function for the velocity components,
static pressure, and static temperature, and E; is for the mass
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Epochs 150
Optimizer Adam
Learning rate 0.0005
Batch size 4,096

fractions. The mean squared error (MSE) loss function is uti-
lized for E |, whereas the MSE and categorical cross-entropy
(CCE) loss function are considered for the mass fractions.
The MSE and the CCE are defined by Eqgs. (4) and (5), re-
spectively:

| N

L= M ;;(Yi,j — 1) 4
| M

Ly = _szti,j logy; ; (5)

where ¢ is the true (actual) value (i.e., CFD), y is the predicted
value, N is the number of data points, and M is the number
of prediction variables. Adaptive momentum estimation
(Adam)*® is chosen as the activation function as it allows
for the assessment of the MLP performance with minimum
tuning requirements. It minimizes the loss function by apply-
ing the default hyperparameters (i.e., 81 = 0.9, 8, = 0.999,
and ¢ = 1077).

Prior to training, standardization is applied to the input
variables (x and y coordinates and design variables) and
the flow properties except for the mass fractions (i.e., veloc-
ity components, static pressure, and static temperature) to
scale the data to the same range. The standardization process
is expressed as x* = (x — u)/o, where x is the variable, u is
the mean value, and o the standard deviation. The details of
the training setup are shown in Table 2.

2.3.4. Sensitivity analysis

Among the various approaches that have been proposed to
interpret the behavior of deep learning models,?>?® the gra-
dient-based method,?” where gradients are calculated to ex-
amine the influence of input variation on the prediction (i.e.,
output), is considered in this study. To investigate the local
influence of the design variables on the flowfield, local sen-
sitivity analysis is conducted to quantify the gradients for
each node, defined as

(6)

where f, is the output of the neural network (MLP) and x; is
the design variable (input). This calculation is performed uti-
lizing automatic differentiation based on the chain rule per-
formed during the training phase.?®

3. Results

3.1. Training

Two loss functions (i.e., the mean squared loss (L) and
the categorical cross-entropy loss (L,)) are considered and
calculated for the mass fractions. They are compared using
root mean squared error (RMSE) defined as:
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RMSE = @)

where ¢ is the true value (i.e., CFD), J is the predicted value,
and N is the number of data points. Figure 6 compares the
RMSE:s of these loss functions for the validation data. It
should be noted that, while these two loss functions are con-
sidered only for mass fractions, the MLP model is also
trained for predicting the velocity components, static tem-
perature, static pressure, and mass fractions simultaneously.
Figure 6 therefore shows the RMSEs of these properties that
have been calculated from standardized values, as well as the
training for prediction models as described in Section 2.3.3,
in addition to those of mass fractions. It can be seen that the
RMSE:s for all target flow variables are smaller than the mean
squared loss (MSE) when the categorical cross-entropy
(CCE) loss is used. The CCE loss is therefore chosen for

B MSE

10

RMSE

10

p * T CHe
Target variables

€O, CN,

Fig. 6. Comparison of RMSEs between MSE loss function (L) and CCE
loss function (L,).

the following study.

Figure 7 compares the values from CFD and prediction
for all 17 test cases for each flow property. Also shown is
the coefficient of determination R” defined as

RP=1— M
Zil(ti_f)z

where ¢ is the true value (from CFD), 7 is the averaged true
value, ¥ is the predicted value, and N is the number of data
points. This coefficient ranges between 0.0 and 1.0 (i.e.,
the larger the value of R?, the more accurate the prediction).
The R? values are greater than 0.999 for all flow properties,
indicative of accurate prediction. The perpendicular error
distribution that exists at ucpp = Om/s in Fig. 7 (a) is attrib-
uted to the sparsity of data points on the wall, where a no-slip
condition is imposed. Table 3 presents the RMSE values as
well as the values of the mean absolute percentage error
(MAPE) defined as:

®)

(€]

where ¢ is the true value (CFD), ¥ is the predicted value, and
N is the number of data points. The MAPE:s for velocity com-
ponents and mass fractions show large values owing to the
near-zero values in the CFD results. The RMPEs for static
pressure and static temperature are below 0.01 (i.e., 1%), sig-
nifying that the trained model can predict the properties with
reasonable accuracy.

R?=0.99920 R2=0.99953 200000 R2=0.99973
2 2 =
£ £ £
E = E 100000
g £ g
0
0 1000 0 1000 0 100000 200000 100 200 300
ucrp [m/s] verp [m/s] pcep [Pa] Tcrp [K]
(a) u (x-velocity component) (b) v (y-velocity component) (c) Static pressure (d) Static temperature
1.0f R2=0.99997 R2=0.99997 0.751 R?=0.99997 7/
. 050
2 2
50.5 &
E &
0.25
0.0 0.00]
0.0 0.5 1.0 0.0 0.1 0.2 0.00 0.25 0.50 0.75
CHecrp €02y CNoery
(e) Helium mass fraction (f) Oxygen mass fraction (g) Nitrogen mass fraction
Fig. 7. Comparison between CFD and MLP results for all flow properties for all test cases.
Table 3. RMSE and MAPE values for all test cases.
u [m/s] v [m/s] p [Pa] T [K] CHe co, cN,
RMSE 11.4 7.16 306 2.22 25.0 x 107* 6.13 x 107* 192 x 1074
MAPE 4.52 x 10° 4.52 x 10° 8.90 x 1073 4.36 x 1073 1.91 7.52 18.9
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3.2. Flowfields

Figure 8 displays the flow structure of a typical two-
dimensional jet-to-crossflow flowfield indicated by the Mach
number distribution. The injected fuel expands into the main
airflow, giving rise to a barrel shock wave, until it is termi-
nated by a Mach disk. The freestream is obstructed by the
barrel shock wave, causing a bow shock wave to stand up-
stream of the injection. The boundary layer is separated due
to the presence of an adverse pressure gradient, inducing a

0.04

Bow shoc]

ISeparation shoc

Mach disk
—

0.0
Upstream recirculation region Downstream recirculation region
-0.04 -0.02 0.0 0.02 0.04
x [m]
Fig. 8. Flow structure (Mach number distribution).

0.04

P [Pa]
0.0 30000.0  60000.0

0.04

T[K]
1500  300.0

p[Pa]
30000.0  60000.0

-0.04 -0.02 0.02 0.04 -0.04 -0.02

0.0
x [m]

(a) Static pressure

0.0
x [m]

(b) Static temperature

large recirculation region, and subsequently a separation
shock upstream of the injection.'®? The injected fuel flows
in the horizontal direction downstream of the injection, with
a recompression shock wave taking place farther down-
stream.

Compared in Fig. 9 are the true CFD and predicted MLP
flowfields in terms of static pressure, static temperature, and
helium mass fraction for an arbitrarily selected test case (i.e.,
ID 69, pj =5.24 x 10* Pa, aj = 84.2deg), but not used in
the training of the MLP model. Good agreement is seen with
respect to overall flow features such as shock waves and re-
circulation regions. Table 4 presents the RMSE and MAPE
values for this case.

Figure 10 shows the absolute error distributions between
the CFD result and the MLP prediction for the same case
(i.e., ID 69). While the prediction is accurate in most regions,
relatively large errors are found in the vicinity of the shock
waves, the Mach disk, the boundary layer, and the boundary
of the recirculation region. Difficulty in predicting abrupt
changes in flow properties due to such phenomena can be at-
tributed to the relatively small number of training data points
(i.e., number of nodes) in these regions as compared to the

0.02 3 0.04 -0.02 0.02 0.04

0.0
x [m]

(c) Helium mass fraction

Fig. 9. Comparison of flow property distributions between CFD and MLP flowfields for the test case (ID 69, p; = 5.24 x 10* Pa, aj = 84.2deg).

Table 4. RMSE and MAPE values for the test case (ID 69, pj = 5.24 x 10% Pa, aj = 84.2deg).

u [m/s] v [m/s] p [Pa] T'[K] CHe co, CN,
RMSE 10.7 7.70 509 2.39 354 x 107* 8.82 x 107* 27.0 x 107*
MAPE 5.36 x 10° 5.22 x 10° 9.79 x 1073 6.51 x 1073 2.20 20.8 51.9

Absolute error of p [Pa]
0.0 2500.0 5000.0

Absolute error of 7'[K]
0.0 5.0 10.0

-0.04 -0.02 0.02 0.04 -0.04 -0.02

0.0
x [m]

(a) Static pressure

0.0
x [m]

(b) Static temperature

Absolute error of ¢y,
0.00 0.02 0.04

0.02 0.04 -0.04 -0.02 0.02 0.04

0.0
x [m]

(c) Helium mass fraction

Fig. 10. Absolute error distributions between CFD and MLP flowfields for the test case (ID 69, p; = 5.24 x 10* Pa, aj = 84.2deg).
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Fig. 11.  Sensitivity of flow properties to injection pressure calculated from MLP (ID 69, p; = 5.24 x 10* Pa, aj = 84.2deg).
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Fig. 12. Sensitivity of flow properties to injection angle calculated from MLP (ID 69, p; = 5.24 x 10* Pa, o; = 84.2 deg).

other regions with little or moderate changes (e.g., main-
stream). Local mesh refinement and/or interpolation of data
points may be considered to address the difficulty in such re-
gions.

As for the computational cost, MLP training required ap-
proximately 10 h, which is equivalent to the calculation time
of approximately five CFD simulations. On the other hand,
flowfield prediction using the MLP model requires a frac-
tional time of ~0.35 s once the model has been trained. This
yields a substantial cost reduction, particularly for popula-
tion-based design optimization which would inherently re-
quire a large number of objective function evaluations; hence
CFD simulations otherwise.

3.3. Sensitivity analysis

Figures 11 and 12 display the variations of the sensitivity
of the flow properties to the design variables for the con-
figuration selected in Section 3.2 (ie., ID 69, pj=
5.24 x 10*Pa, a; = 84.2deg). Red and blue regions are in-
dicative of large gradients (i.e., high sensitivity) in positive
and negative directions, respectively, whereas gray regions
indicate rather low sensitivity. It should be noted that the
magnitude of the gradient or sensitivity to the injection pres-
sure is significantly smaller than that to the injection angle
owing to the wider variable range of the injection pres-
sure; that is, 50,000 Pa < p; < 200,000 Pa, as opposed to
30deg < o < 90deg for the injection angle.

Negative gradient regions are found in static pressure and
static temperature in the fuel plume (Figs. 11 (a) and (b), re-
spectively), signifying that the degree of expansion of the in-
jected fuel increases as injection pressure increases. In addi-
tion, a negative gradient is present in Figs. 11 (a) and (b)
associated with the behavior of the separation point and the
separation shock wave, which move downstream with the in-
jection pressure. It should be noted that this behavior is op-
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posed to the observations in previous studies where the sep-
aration point moved upstream with increasing injection
pressure and injection angle.*?* Further, Fig. 11 (c) indi-
cates that the helium mass fraction decreases in the upstream
recirculation region and the mixing layer as injection pres-
sure increases. This is because the injection width is de-
creased as the injection pressure increases to ensure the con-
stant fuel mass flow rate in the present study, rendering the
separation point move downstream in the present case (i.e.,
ID 69). Considerably low sensitivities of static pressure and
static temperature in the fuel plume (Figs. 12 (a) and (b),
respectively) are also indicative of rather little influence of
the injection angle on the degree of fuel expansion. The sep-
aration shock wave moves upstream as the injection angle in-
creases, which aligns with the observation reported in the
previous study.'®

Local sensitivity could also be obtained by performing
CFD simulations and applying numerical differentiation to
the resultant flowfields. The sensitivities of flow properties to
injection pressure and angle calculated from CFD are dis-
played for comparison in Figs. 13 and 14, respectively, ex-
hibiting similar tendencies to those from MLP (Figs. 11
and 12). This validates the local sensitivity from MLP, which
can calculate the sensitivity of the design variables within 1 s
in stark contrast to CFD, which takes about 2 h. This enables
cost-effective, robust design exploration that considers the
variations of performance associated with local flow phe-
nomena against deviations in the design variables or condi-
tions.
3.4. Prediction error

To probe the prediction behavior associated with large
prediction errors, the static pressure distributions are com-
pared between the CFD and MLP flowfields in Fig. 15 for
the case with the largest RMSEs of static pressure (i.e., ID
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Fig. 13. Sensitivity of flow properties to injection pressure calculated from CFD (ID 69, p; = 5.24 x 10* Pa, aj = 84.2deg).
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Fig. 15. Comparison of static pressure between CFD and MLP flowfields (ID 274, p; = 1.99 x 10° Pa, aj = 52.9 deg).
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Fig. 16. Absolute error distributions of static pressure and static temperature between CFD and MLP flowfields (ID 274, p; = 1.99 x 10° Pa, aj = 52.9deg).

274, pj = 1.99 x 10° Pa, aj = 52.9deg). The absolute error
distributions of static pressure and static temperature are
shown in Fig. 16. While the prediction is accurate in most re-
gions including the vicinity of the separation shock wave,
relatively large absolute errors in static pressure and static
temperature are observed near the Mach disk. This is asso-
ciated with the absence of a Mach disk at the downstream
end of the barrel shock in the CFD result in Fig. 15 (a),
whereas the barrel shock in the flowfield predicted by MLP
is characterized by the presence of a discernible Mach disk
in Fig. 15 (b).
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Table 5. Design variables for the selected cases.

ID pi [Pa] o [deg]
74 1.81 x 10° 54.7
78 1.97 x 10° 63.4
272 1.95 x 10° 50.3

Three cases shown in Table 5 have been selected from the
dataset used for training as neighboring instances to the case
with the largest prediction error (i.e., ID 274) in the design
space to probe the factors that account for large errors. The
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Static pressure distributions calculated from CFD for the selected

static pressure distributions calculated from CFD are com-
pared in Fig. 17. In ID 74 (p; = 1.81 x 10° Pa, o = 54.7
deg) and ID 78 (p;=1.97 x 10° Pa, aj = 63.4deg). A
Mach disk stands perpendicularly to the barrel shock wave,
akin to that shown in Fig. 15 (b), whereas the barrel shock
is characterized by a pointed tip without a Mach disk in ID
272 (p; = 1.95 x 10° Pa, aj = 50.3 deg), similar to the case
shown in Fig. 15 (a). This signifies that the existence of the
Mach disk has changed sensitively to rather little variation in
the design variables in this region. This again underpins the
difficulty in training and prediction for regions subjected to
abrupt changes in flow properties.

4. Conclusions

The applicability of deep learning to jet-to-crossflow flow-
fields has been investigated, aiming at fast prediction of com-
pressible flowfields to be incorporated into data-driven de-
sign approaches for high-speed aerospace applications. Two-
dimensional flowfields with sonic fuel injection into a super-
sonic crossflow defined by two design variables, namely fuel
injection pressure and angle, have been trained using MLP.

The trained model was found to be able to accurately pre-
dict flowfields even for instances that have not been used for
training. Local sensitivity analysis was conducted to examine
the influence of the design variables on local flow phenom-
ena. It was demonstrated that the sensitivity of the flow prop-
erties to the design variables can be quantified at low compu-
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tational cost once the MLP model has been trained. The
results of the sensitivity analysis indicated that the flow prop-
erties are sensitive to the design variables near the shock
waves, in recirculation regions, and downstream of the injec-
tion. Further, the fuel mass fraction in the upstream recircu-
lation region was found to change sensitively to variation in
design variables. In the flowfield of the case with the largest
root mean squared error, considerably large prediction errors
were observed near the Mach disk, whose existence was
found to be sensitive to the variation in design variables.

The insights gained from this study will contribute to de-
veloping and utilizing deep learning approaches for de-
sign and optimization of aerospace applications that involve
complex compressible phenomena. Further investigation on
the potential of this MLP model incorporated into multi-
objective design optimization is a subject of future work. Ad-
ditionally, its ability to predict higher dimensional flowfields
for configurations with a larger number of design variables
will be assessed.
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