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ABSTRACT

The ultimate goal of this work is to facilitate the design of
gas turbine engine particle separators by reducing the compu-
tational expense to accurately simulate the fluid flow and par-
ticle motion inside the separator. It has been well-documented
that particle ingestion yields many detrimental impacts for gas
turbine engines. This ingestion is of concern for operation in
environments where dust, ash, or ice persist. The consequences
of ice particle ingestion can range from surface-wear abrasion
to engine power loss. Ice particles are chosen for this study be-
cause of their relevance to civil aviation. It is known that suffi-
ciently small particles, characterized by small particle response
times (7p), closely follow the fluid trajectory whereas large par-
ticles deviate from the streamlines. The behavior of small parti-
cles hints at a method for larger particle trajectories because the
higher order terms (HOT) in the asymptotic particle accelera-
tion solution can be shown to be O(7,). By explicitly considering
Tp, these HOT can be derived. Rather than manually deriving
these terms, this work chooses to implicitly derive them using
machine learning (ML). Inertial particle separators are devices
designed to remove particles from the engine intake flow. Par-
ticle separators contribute to both elongating the lifespan and
promoting safer operation of aviation gas turbine engines. Com-
plex flows, such as flow through a particle separator, naturally
have rotation and strain present throughout the flow field. This
study attempts to understand if the motion of particles within ro-
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tational and strained canonical flows can be accurately predicted
using supervised ML. This report suggests that preprocessing the
ML training data to the fluid streamline coordinates can improve
model training. Furthermore, this work provides some guide-
lines for applying ML, particularly deep feed-forward neural net-
works, with physics driven multiphase flow data. Additionally,
the ML model is able to predict the particle accelerations in the
fully rotational and irrotational canonical laminar flows quite
well. For combined flows with rotation and strain, however, the
model struggles to predict the particle accelerations.

NOMENCLATURE

v Particle velocity

u Fluid velocity

U  Fluid dynamic viscosity
pp Particle density

pe Gas density

d, Particle diameter

T, Particle response time
Ty Flow timescale

cp Drag coefficient

Re Reynolds number

St Stokes number

@ Particle volume fraction
N Sample size

Ir Learning rate
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U Momentum parameter
A Strain rate

e Shear rate

® Rotation rate

1 INTRODUCTION

Ice has plagued aircraft operation since the birth of avia-
tion. Ice accretion imposes the immediate threat of accumulated
ice changing the aerodynamic properties of the wing airfoil, in
the worst case leading to loss of sufficient lift. The majority of
current research deals with ice accretion and means to mitigate
or prevent this phenomena. In this work, however, the focus is
turned to ice that has been ingested by the gas turbine engine
through means of either ice existing in the atmosphere or pieces
of accretion that have broken off of aircraft surfaces. It has been
well-documented that particle ingestion can result in many detri-
mental impacts for gas turbine engines [1]. For ice particles, the
consequences can range from surface-wear abrasion to loss of
power. Ice that passes through the fan stage enters the compres-
sor, where it likely melts and can evaporate. This formation of
liquid water or vapor alters the properties of the flow from the en-
gine’s design point. As the compressor is very sensitive to such
changes, surge can occur as a result [2]. While it is rare for par-
ticles to reach the combustion chamber, in the case that enough
ice particulate does, the engine can experience flame-out [2, 3].
High altitude ice crystals in convective systems of concern to
commercial aviation generally range from diameters of 100um
to Imm [4]. However, hailstones often exist in the range of 0.5cm
to 2.5cm [5]. Therefore, we consider ice particles over a wide
range of sizes in this study.

1.1 Particle Motion Theory

It is known that the motion of particles suspended in a fluid
can be characterized by the non-dimensional Stokes number, St,
defined by Eq.(1), where 7, is the particle relaxation or response
time defined by Eq.(2) and 7y is the appropriate timescale of the
flow [6]. Physically, 7, can be thought of as the time that it takes
for the particle to respond to changes in the gas flow. Addition-
ally, as expressed in Eq.(2), p, and d,, are the particle density
and diameter respectively, and i, is the dynamic viscosity of the
gas [6].
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The governing equation for a particle moving through gas,
neglecting gravity, can be shown to be:

dv v—u
=—f

dt Tp

3

where v is the particle velocity, u is the local gas phase velocity,
and the function f introduces a nonlinear drag forcing depen-
dence on the velocity difference v —u. For very small Stokes
numbers (St < 1), the particle motion very closely follows the
fluid trajectory, while large particles (St > 1) act in a more bal-
listic manner and are not especially driven by the flow stream
lines [7]. The goal of this work is to predict particle trajectories
using artificial neural networks (ANNs). The approach taken in
this study is inspired by the asymptotic solution found by Maxey
for the zero-gravity case [8]

v=u-71, (l;l;) O(Tﬁ) 4

where D/Dr is the material derivative. When Eq.(4) is substi-
tuted back into Eq.(3), the resulting expression gives

dv  Du
il 0(1p) 5)
which confirms that the behavior of sufficiently small particles
(small 7,) closely follows that of the streamlines. However,
Eq.(5) also hints at a strategy for larger particles. By consider-
ing 7, explicitly, higher order terms in the asymptotic expansion
can be derived. Rather than manually deriving these terms, they
are implicitly derived using machine learning (ML). To achieve
this objective, simulations of particles in steady laminar flow
fields are performed in the scientific Python environment (SciPy),
which is discussed in more detail in the Methods section. Parti-
cles of various diameters corresponding to Stokes numbers from
0.05 - 500 will be considered to capture the influence of St. These
simulations are used to extract relevant particle data to train and
validate a neural network for the various flow configurations and
combinations thereof.

1.2 Machine Learning

Using the open source ML library PyTorch, multiple ANNs
are trained using data generated from the canonical flows and
combinations thereof. PyTorch is a widely deployed open-source
ML framework with a strong research support community. The
idea of using ANNs to compute multiphase particle data is not

Copyright © 2022 by ASME



a new one. For instance, Minakowska et al. [9] developed
deep ANNSs capable of predicting hydrodynamic forces on non-
spherical particles. Raissi et al. [10] introduce a deep learning
framework for data-sparse scenarios that combine data with the
governing equation models, termed physics informed neural net-
works (PINNs). Seyed-Ahmadi and Wachs [11] apply this idea
to model forces and torques in particle-laden flows with particle
volume fractions (®) on the order of 0.1. Although traditionally
used for computer vision, current research is showing how ML
can be used with strictly data-based applications. A long term
goal of this research is to use deep ANNs as cheap surrogates
in particle separator design. Because simulations are computa-
tionally expensive and experimental studies of particle separators
are costly, the deep ANN surrogates could expedite the process
of designing inertial particle separators. This introductory work
trains ANNs with well-defined, redundant data sets from sim-
ple flows to explore how ANN s perform in scenarios with simple
combined laminar flows as well as complex flows using flow fea-
ture extraction.

2 METHODS

The scope of particle motion studies conducted assume that
the particle volume fraction is small enough such that the dis-
persed particles do not affect the fluid physics; this is generally
referred to as one-way coupled flow. Additionally, the particles
considered are assumed to be perfectly spherical ice particles
with an isotropic density of p, = 917kg/ m? [12]. Particle rota-
tion is not considered, and gravitational forces are also neglected
because only 2D cases are explored. The governing particle dy-
namics equations are shown in Eq.(6) and Eq.(7) where x,, and
m,, are the particle position and mass, respectively. The particle
mass is computed as m, = ppnd?, /6. The drag force, f,, is given
by Eq.(8) where the relative velocity is given by v, = u — v and
A, = 77:d,2, /4 is the projected particle area normal to the flow. The
drag coefficient, cp, is taken to be the Schiller-Naumann rela-
tion given in Eq.(9) [13]. The density and dynamic viscosity of
air are taken to be p, = 1.20kg/m* and p, = 1.51E—5kg/(ms),
respectively.

dx,
Py 6
I (6)
dv
mp% :fD @)
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(a) Stagnation Point (b) Pure Shear (c) Forced Vortex

FIGURE 1: STREAMLINES OF THE CANONICAL FLOWS
USED FOR GENERATING ML DATA

24
cp= R—e(l +0.15Re%%87) 9)

Additionally, the Reynolds number was taken to be

_ Pelvrldp
Hyg

Re (10)

Following [7], the motion of particles in the following
steady, laminar canonical flows are used to assess the feasibil-
ity of using ANNSs: stagnation point, pure (irrotational) shear,
and forced (rotational) vortex. Stagnation point flow is an irro-
tational flow characterized by the strain rate, A, in the following
2D velocity field: u = [Ax;,—Ax;]. Pure shear, similarly, is an
irrotational flow given by u = [ex, ex|| where e is the shear rate.
Lastly, the forced vortex is a purely rotational flow characterized
by the rotation rate, @, in u = [—®x;, ®x;]. Figures 1a, 1b, and
1c show the velocity streamlines of the stagnation point, pure
shear, and forced vortex forA =e = = 1.0s~ L.

The velocity gradient tensor given by Vu, can be written as
the sum of a symmetric and an anti-symmetric tensor given by
the strain rate tensor S and rotation tensor Q, respectively. These
tensors are shown in Eq.(11) and Eq.(12).

S= %(VquVuT) (11)

Q:%(Vu—VuT) (12)

We use the second principal invariant of Vu, defined in Eq.(13),
as an objective measure of the strength of the flows.

h(Vu) = %((tr(Vu))z ~tr(Ve?)) (13)

For an incompressible flow, Eq.(13) can be shown to simplify as
L(Vu) = —1(Vu’ : Vu). Note that the convention for the inner
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FIGURE 2: ROTATION AND SHEAR COMPONENT DE-
COMPOSITION

product is taken from [14] as shown in Eq.(14)
AIB:Aiiji (14)

where Einstein’s summation convention is used. For the stag-
nation point, pure shear, and forced vortex flow, I,(Vu) can be
shown to simplify as A%, ¢?, and ®?, respectively. The second
invariant of S and Q are also considered, defined as %(ST :S)
and %(QT : Q) respectively. To simplify its use as a flow time-
scale, we define J = \/|L(Vu)|. Similarly, S = /|L(S)| and
Q = /|L(Q)| are defined as metrics to describe the relative
contributions of fluid strain and rotation at a given particle lo-
cation. Not surprisingly, Q =0,S=A,/J=Aand Q=0,S=e,
J = e for the stagnation point and irrotational shear flows, re-
spectively. Similarly, Q = ,S = 0,J = o for the forced vortex
case. For this reason, the directly comparable flow parameters A,
e, and o are taken to be Tl—/ for each canonical flow case. It can
be shown that for a general incompressible flow, J = /52 + Q2.
Therefore, this work asserts that the decomposition of a complex
flow into its rotational and sheared components can be thought
of as the classical unit circle as suggested in Figure 2. To gen-
erate the ANN training data, the governing equations (Eq.(6)
and Eq.(7)) of the particle dynamics are solved using numeri-
cal integration techniques in the scientific Python computing en-
vironment (SciPy). The particle initial conditions are taken as
v(to) = [0,0] and x,(t9) = [x1,0,X2,0], where the initial positions
x1,0 and x, o are randomly selected. However, x1 and x» are
both restricted to initialize in range [—1, 1]. Specifically, because
canonical flow systems can present stiff systems of differential
equations for the particle trajectory, the LSODA method was em-
ployed [15]. Some brief testing was performed with stiff ODE
solvers in SciPy including LSODA, Radau, and backwards dif-
ferentiation. It was found that LSODA was more computation-
ally efficient for this problem, and hence it was selected for the
study. Furthermore, to non-dimensionalize the model inputs the
governing equations are modified as

av 1, LuAschlIvilP vy s
a " 2p, vy IV

ax*

L=y 16
dr* v (16)
* 24 +10.687
ch = Re; (1+0.15(Re;,)" %) (17)
vid
Re, = ;*P (18)

where the dynamic viscosity v = ,/p, and the asterisk indi-

cates a non-dimensionalized parameter (e.g. d,, = LdT’;). The nat-
ural choice for the timescale for which to non-dimensionalize
with is %, and the length scales are non-dimensionalized with
L,; = 1.0cm based on the order of magnitude that hailstones
normally exist at [5]. The relevant equations are solved in
non-dimensional form using L,; = 1.0cm and } as the char-
acteristic values. Five different particle sizes corresponding to
St =5%[1072,107",10°,10",10%] are considered in this study.
It should be noted that the ice particle diameters corresponding
to these St range from 122 pum to 1.22 cm. This range includes
small atmospheric ice crystals that exist on the order of 100s of
Wm [4] through hailstones that exist on the order of 1 c¢m [S]. The
relevant parameters are extracted for 5,000 particles of each St at
t* =1.0 ¢t =tJ), and 80% of the data are used for training the
ANNSs and the remaining 20% are used for validation.

2.1 Neural Network Structure

The overall design space of deep feedforward neural net-
works is far too vast to be completely searched. Therefore, mul-
tiple design of experiments strategies are employed. First, ANNs
arranged in 2-6 hidden layer structures are compared and a local
optimum for the number of hidden layers (HL) is determined.
The total number of hidden neurons is conservatively determined
by the learning capability relations proven by Huang [16] for a
two HL feed forward ANN as shown in Eq.(19) and Eq.(20),

L =\/(m+2)N+2\/L (19)

m+2

/| N
L, = —_— 2
2=m m+2 (20)

where N is the number of distinct training samples and m is the
number of output neurons. The configurations detailed in Table
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TABLE 1: HIDDEN LAYER CONFIGURATIONS FOR SIN-
GLE FLOW ANNS

Number H.L. L1 L2 L3 L4 L5 L6

2 425 142 -

3 364 145 58 -

4 349 140 56 22 -

5 343 138 55 22 9 -
6 341 136 55 22 9 4

1 are used to evaluate the effect of the number of HLs. Note that
the total number of neurons in each network and the decreasing
ratio (approximately 2.5:1) of neurons in the HLs are both kept
constant. The ratio of Liiu ~ 2.5 was determined by directly cal-
culating the ratio from Huang’s expressions and considering the
results of a brute-force optimization of a two layer neural net-
work presented by Heaton [17]. Using Huang’s equations, the
ratio of Eq.(19) to Eq.(20) can be shown to reduce to 1+ % and
yields % = 3 for this application. The optimal configuration that
Heaton found for a two HL ANN had a ratio closer to 2:1 [17].
Proceeding with the observed optimal structure, several activa-
tion functions such as ReLU, tanh, and Softmax are compared to
determine an optimal function for this application. Additionally,
each activation function considered is tested with and without
Xavier initialization [18]. Finally, using the combination of the
best structure and activation function, various data preprocess-
ing techniques are employed. These preprocessing methods are
discussed in more detail later.

2.2 Optimization Algorithms

Various optimization algorithms standard in machine learn-
ing are tested to ensure that ANN training is being done effi-
ciently. The classical stochastic gradient descent (SGD) opti-
mizer is used as a baseline comparison for other common opti-
mization algorithms such as Adam [19], Adagrad [20], Adadelta
[21], RMSProp [22], and SGD with Nesterov momentum [23].

2.3 Training Data Preprocessing

Although not a main objective, this work does consider high
level ANN hyperparameter tuning and the results presented in
this report should be used as a guide for similar ML applications.
The ANN structure is analyzed, along with the activation func-
tion and data preprocessing. After the structure is explored by
testing five different HL configurations, several data representa-
tions are studied using the best ANN structure found. For each
flow type considered, two main configurations of the PyTorch

ANN will be tested. The first will be a data-driven model, in
which each of the relevant parameters are given directly to the

ANN to compute the particle acceleration, %7 or a mapping of
the form:

dv Du

E :g(v,uvdﬂaDtvppapgv“g) (21)

This configuration’s performance will be compared with a
physics-driven method, where many of the above variables are
condensed into parameters with more physical significance, as
the following mapping shows:

dv Du
— = — — 22
8 (V u, 7y, Dt) (22)

It is expected that the ANN trained with physics-driven prepro-
cessed (PDP) data will perform just as well or better than the
data-driven (DD) method because it contains essentially the same
information, albeit with less data which is advantageous. In ad-
dition to testing the physics-informed approach against the data-
driven method in the default Cartesian coordinates of the simu-
lation, ANNs are also trained using the same data with a trans-
formation of coordinates to streamline and path coordinates as
shown in Figure 3. The solid line in Figure 3 represents a fluid
streamline and the dashed line represents a particle path. The
streamline coordinates are represented by §-7i; and the path coor-
dinates are given by -,. § and 7 are tangent to the fluid stream-
line and particle path (i.e. the directions of u and v), respectively
and 7y, 7, are the corresponding normal vectors. That is, § = HuTH

andf = H%’H The corresponding normal vectors are computed in
the direction of the streamline and path curvatures as suggested
in Figure 3. This direction is determined via the direction of the

fluid and particle accelerations, respectively, as shown in Eq.(23)
and Eq.(24).

Du DU ~a
f.— D —(p 98 23)
152 — (- 9)sll
dVv AAY
R W—(W-tt
= —v— v (24)
||9F — (42X )|

2.3.1 Data Scaling Early tests using raw input data
shown in Eq.(21) to train relatively shallow (2-3 HL) ANNs
showed that there is an inherent need to scale the data such that
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FIGURE 3: STREAMLINE AND PATH COORDINATES

the machine learning model can effectively learn from the train-
ing data set. Two such scaling strategies were explored. The first
was a column-wise normalization of the input and output data
tensors shown by Eq.(25), where each variable denoted by y; is
normalized by its corresponding absolute maximum in the data-
set (i.e., each d), is normalized by the largest d,, and so forth).
This normalization ensures that the data is scaled within range
[—1,1]. The second strategy was a Gaussian standardization ap-
proach shown in Eq.(26), where ¥ and s are the sample mean
and sample standard deviation of the data set, respectively. This
form of scaling does not impose any predefined limits on the
scaled data set; however, for a normally distributed data set the
standardized inputs J; should primarily be in range [—3,3].

fi= —2 (25)
max(|y|)
5= 22 (26)
N

Initial testing suggested that the absolute maximum normal-
ization was superior to the standardization approach. This is
likely due in part to the wide range of particle sizes considered.
It’s unlikely that the data would assume a Gaussian distribution
for this reason, as small particles will experience a much larger
acceleration than the larger particles. The ANN training results
presented in this work utilize the normalization approach for pre-
processing the training data, unless otherwise specified. It is
also important to note that the ANN-predicted particle acceler-
ations are un-normalized for any post-processing error analysis

presented, as the error between scaled data is not the same as the
un-normalized, or full-scale, data.

2.4 Generalized Approach

Expanding upon the idea that complex flows can be de-
composed according to the relative contributions of rotation and
strain at a given point, the forced vortex and irrotational shear
flows were combined for a generalized approach. This velocity
field is given by u = [(¢e — ®)x2, (e + ®)x;]. Similarly to previ-
ous discussion, S = e, Q = @, and J = V2 + ®?. While keeping
J = 1.05~" in accordance with the unit circle concept presented
in Figure 2, combined flows from 6 = [0°,360°) in 15° incre-
ments are considered. Like before, training data for 5,000 par-
ticles of each St considered are extracted at t* = 1.0 for each
different flow case. However, the ANN model inputs are altered
to reflect the increased complexity of the flow as

dv* . Du* e
dr g(V yu 7dﬂth*appapga”g7JaJ) 27

such that the model can use the relative contributions of rotation
and strain at the particle location as a means of flow feature ex-
traction for general flows. This ANN will be referred to as the
Master ANN.

2.41 Homogeneous Isotropic Turbulence Any
flow can be decomposed into a purely rotational and purely
straining component, in theory. However, in practice, the use
of laminar rotational and strain may or may not be an appropri-
ate model for real flows. Part of the complication is that while
the network was primarily trained for steady laminar flows, real
flows often become unsteady and turbulent. To test the efficacy
of the neural network in turbulent flows, a canonical turbulent
case must be generated. One such case is homogeneous isotropic
turbulence (HIT). HIT is an idealized turbulent flow that has the
property that its statistics are invariant with respect to position
(homogeneous) and orientation (isotropic). In real flow, HIT is
often a good approximation of flow behavior away from bound-
aries. In practice, HIT is a canonical flow type that is used to
study and gain knowledge of turbulent flows [24].

An advantage of HIT compared to other flow types is that it
is easy to generate such a flow field computationally. Strategies
for generating such a flow are discussed in [25]. This work uses
an improved version of that strategy from [26]. One disadvan-
tage of HIT as a testing mechanism is that true HIT is inherently
three dimensional, whereas the neural net developed has been
developed in two dimensions. In addition to the true 3D HIT,
simulations have also been performed with a 2D version of the
HIT approach from [26].

For HIT there are two natural time scales [24]. The time
scale of the smallest and fastest turbulent structure is given by
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the Kolmogorov time scale 7;. The time scale of the largest and
slowest timescales is given by the integral timescale, Ty;r. Here
the appropriate choice of 7y for computing St is 7;. Better pre-
dictions can be made if the particle response time is corrected
with the Schiller-Naumann drag model to be 7, z;7 as defined
in Eq.(28) [27] where u' is used for the characteristic velocity.
As discussed in [25], for the forcing technique deployed here,
the integral length ¢ is around 40% of the domain size, and the
mesh size is chose to be about half the Kolmogorov length scale
to ensure proper grid resolution.

Tp

_ 28
1+ 0.15Reg-687 (28)

Tp HIT =

For HIT simulations in this study, Eulerian-based gas phase
transport equations and Lagrangian-based particle tracking equa-
tions (Eq.(6) & Eq.(7)) are utilized for the unique challenges
that particle laden flows present [28] [29]. This Euler-Lagrange
method uses Direct Numerical Simulation (DNS) to solve the
transport equations, which are given by the Navier-Stokes equa-
tions. 1000 particles each of St = 2% [1072,10~!,10°,10'] are
considered in a cubic domain. Particle data are extracted at mul-
tiples of 7; to evaluate the master ANN.

3 RESULTS AND DISCUSSION
3.1 Neural Network Investigation

The HL structure testing detailed in Table 1 was performed
using training data from the forced vortex case (0 = 1.0s™") of
the Cartesian DD approach. Each ANN was trained using the hy-
perbolic tangent activation function (tanh) on an NVIDIA V100
GPU for one hour. Increasing the number of HL does appear
to have some marginal benefit. This benefit is especially clear
between the 2 HL and 3 HL cases as shown in Table 2. As the
number of HL is increased to 3, the number of epochs (iterations
over the entire data set) completed in the allotted training time
increases by about 20%. Subsequently, the final training loss,
computed as mean squared error (MSE), is smaller. Addition-
ally, it was seen that ANNs with fewer HLs trained more quickly
during the first part of training but more slowly near the end of
the allotted time frame. This can likely be attributed to the lower
number of backpropagation calculations necessary for the shal-
low ANNs and the increased capability of deep neural nets to
more easily capture complex phenomena in training data. From
the ANN structures tested here, the 4 HL appears to facilitate the
fastest training and lowest overall loss.

Once the 4 HL structure was deemed the local optimum of
the design space considered, several activation functions were
compared as shown in Figure 4. The forced vortex Cartesian DD
training set was again used to compare activation functions. As

TABLE 2: HL STRUCTURE PERFORMANCE. Trained with
Cartesian DD approach data set using tanh activation function.

Number H.L. No. Iterations Training Loss

2 1.36E+05 2.43E-03
3 1.64E+05 1.91E-03
4 1.67E+05 1.58E-03
5 1.57E+05 1.65E-03
6 1.45E+05 1.91E-03

before, each neural network shown was trained on an NVIDIA
V100 GPU for one hour. Additionally, the ANN training results
shown by the dashed line for each corresponding activation func-
tion represent an ANN with HL weights generated using the uni-
form Xavier (or Glorot) initialization presented by [18]. Clearly,
the Softmax and LogSigmoid functions fail to train the ANN in
any meaningful way. Since the 4 HL net is within the realm of
deep neural networks, it was expected that the ReLLU class of ac-
tivation functions would be the best for training; however, this
is not exactly the case. The Rectified Linear Unit (ReLU) and
LeakyReLU activation functions perform slightly better than the
Softmax and LogSigmoid functions, only to suffer from what ap-
pears to be the dying ReLLU problem. This is the case for both
the standard and Xavier initializations. One possible explana-
tion for the lack of training with the ReLLU functions is that their
function structure is not well-suited to handling data where pos-
itive and negative values are present as is the case for velocity
and acceleration data. This is interesting because the ReLLU ac-
tivation function is the most widely used in deep learning appli-
cations for both research and practice [30]. The tanh activation
function appears to have performed reasonably well. Addition-
ally, it is clear that the Xavier initialization provides some ad-
vantage for use with tanh because the loss decreases faster than
the standard case. Lastly, the Scaled Exponential Linear Unit
(SELU) activation function, which causes the ANN to exhibit
some self-normalizing properties [31], outperforms the other ac-
tivation functions considered and achieves a loss of less than
1.0E—4 in the 1 hour of training time. The Xavier initialization
does not appear to provide any immediately obvious advantages
in use with SELU; however, it does not negatively impact the
training and may provide some benefits in a case trained for a
longer duration. For this reason, SELU and the uniform Xavier
initialization are used in subsequent training.

Figure 5 shows the training results of the six different com-
binations of data preprocessing methods for the forced vortex
flow, and Table 3 shows the final training loss for each flow case
where A = ¢ = @ = 1.0s~!. Again, each neural network shown
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1.0E+00 |

9 1.0e-01 —Softmax
3 _ . .
S 1orm LogSigmoid
?:0 RelLU
€ 1.0E-03 —Leaky RelU
g —tanh
1.0E-04 SELU
1.0E-05
0.0E+00 7.5E+04 1.5E+05

Epoch

FIGURE 4: ACTIVATION FUNCTION COMPARISON. Stan-
dard SGD was used as the optimizer for each case shown here,
and the dashed lines indicate use of the uniform Xavier weight
initialization. Note that the SELU activation function with
Xavier initialization is shown by the translucent green line.

was trained on an NVIDIA V100 GPU for one hour. It is worth
noting that the trends shown here may not be comprehensive be-
cause the loss is only sampled every 50 epoch. As shown in
Table 3, the training data in the streamline and path coordinate
systems generally achieve lower loss than their Cartesian coun-
terparts. Stagnation point flow is the only real exception in this
case as the ANN trained with Cartesian DD training data closely
compares to the streamline DD trained ANN. This can likely be
attributed to the fact that the Cartesian and streamline coordinate
systems are similar near the x and y axes for stagnation point
flow. It is also clear from Figure 5 that while the PDP approach
tends to perform slightly better during the initial training, the
DD approach achieves a considerably lower loss by the end of
the training time. Hence, path and streamline DD emerge as the
top two approaches considered. Their ANN training results are
quite similar for the forced vortex and irrotational shear cases.
However, this study proceeds with the streamline DD approach
because it appears to have less indeterministic behavior overall
compared to the path DD approach, especially in the forced vor-
tex case shown in Figure 5.

Having now determined an optimum activation function
and data preprocessing method, the forced vortex (@ = 1.0s™ 1)
streamline DD training data set was used to explore the perfor-
mance of typical optimization algorithms. For useful compar-
ison, all optimizers are assigned /r = 1073, and the stopping
criteria for the training loss was 107°. As shown in Figure 6,
the Adam algorithm trains the network faster than all other al-
gorithms, stopping in just 597 epoch. Adagrad and SGD with
Nesterov momentum (=0.9) exhibit similar performance and
each meet the stopping criteria in around 9.0E+4 epoch. Note
that standard SGD and SGD with standard momentum were also
tested and SGD with Nesterov momentum outperformed these
two. Lastly, the Adadelta and RMSProp algorithms do not train

1.0E+00
1.0E-01
1.0E-02
1.0E-03
1.0E-04
1.0E-05

1.0E-06
0.0E+00

Training Loss

7.5E+04
Epoch

1.5E+05

FIGURE 5: DATA PREPROCESSING EFFECTS. The Carte-
sian, path, and streamline coordinates are denoted by the blue,
black, and green lines, respectively. The DD and PDP data are
indicated with solid and dotted lines, respectively.

TABLE 3: DATA PREPROCESSING EFFECTS. Trained with
SGD using SELU activation function. Final training loss after
one hour is shown for each flow case and data preprocessing
method.

Forced Vortex DD PDP
Cartesian 6.98E-05 2.39E-04
Path 1.23E-06 2.12E-06
Streamline 1.21E-06 1.94E-05
Irrotational Shear DD PDP
Cartesian 9.41E-05 3.71E-04
Path 2.30E-05 9.35E-05
Streamline 2.75E-05 7.14E-05
Stagnation Point DD PDP
Cartesian 6.36E-05 2.44E-04
Path 391E-05 4.98E-05
Streamline 5.80E-05 1.22E-04

the ANN to the stopping criteria. RMSProp exhibits heavy os-
cillation during training that was found to be independent of Ir.
While Adam does exhibit some oscillation, the overall training
trend is obvious. In the case that one has access to computing
resources without time restrictions, Adam is the obvious choice.
However, if time usage of computing resources is limited, SGD
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FIGURE 6: OPTIMIZATION ALGORITHM COMPARISON
(Ir=1079%).
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FIGURE 7: PARTICLE ACCELERATION VECTOR FIELD -
FORCED VORTEX SIMULATION RESULTS VS ANN PRE-
DICTION

with Nesterov momentum is likely the better choice as its con-
vergence seems to be monotonic. Additionally, Adam is a good
development tool to use to determine how much convergence is
possible for a given ANN.

3.2 Canonical Flows

After training ANNs for each of the canonical flows con-
sidered to MSE < 10~® with the Adam algorithm, the particle
acceleration from the governing equations was compared to the
ANN-predicted acceleration. Figure 7 shows this visual com-
parison for the forced vortex case by St, where the simulation
acceleration and ANN-predicted acceleration are shown with the
blue and red arrows, respectively. Upon visual inspection, the
ANN-predicted accelerations appear to match the actual acceler-
ations well. However, it is difficult to see some of the smaller
vectors near the origin.

Now that a qualitative analysis of the ANN performance has
been demonstrated, a quantitative analysis is in order to better
characterize the model error. The directional error B and the
error vector a — ayy are defined as shown in Figure 8, where
a= % as defined in Eq.(7) and ayy is the particle acceleration
predicted by the ANN. The angle  is computed using the dot

B

annN aANN

Q.

FIGURE 8: ANN ERROR DEFINITIONS.

product definition as shown in Eq.(29). The relative error is de-
fined as e = (a—ayy)/||a|| and is used to ensure that the metric
is comparable for various St. Additionally, a third relative scalar
error metric is defined as E = (||layn|| — ||a]|)/||a]|, which de-
scribes how well the magnitude of the acceleration was predicted
relative to a and if it was over- or under-predicted.

B = arccos (W> 29)

[all [lann]|

Figure 9 shows the mean value of 8 calculated from the val-
idation data sets (5000 total particles) as a function of St for each
canonical flow considered. As shown, the mean directional er-
ror remains less than 0.5° for St O(1) or lower, and increases
for larger St. It is also useful to know if the error is entirely
random or if the mean error is influenced by outliers. Figure
10 shows surface plots of directional error § as a function of
x; for the rotational vortex, where the red color indicates higher
error. Clearly, the ANN struggles to accurately predict the accel-
eration direction near the origin of each canonical flow. This is
likely the case because v, is small in this region of the flow, and
is near the edge of the model’s working range. Although only
St = 0.05, 5, and 500 are shown, this trend was consistent for all
St. Note the varying z-axis (and corresponding colorbar) scales,
which show that the maximum directional error for St = 0.05
is much smaller than that of St = 500. Going one step further,
Figure 11 shows the forced vortex directional error histograms
by St with bin widths of 1°. Similar distributions were observed
for stagnation point and irrotational shear flow. Note that Figure
11°s y-axes are shown with a log scale for the purpose of high-
lighting the range of 8 experienced by each St in the respective
flow case. The largest  bin for each case is from 0 - 1°, and the
second largest 8 bin has a count that is an order of magnitude
smaller for every histogram except for the St = 500 particles in
the forced vortex. The small St = 0.05 particles are compara-
tively well-characterized for the forced vortex and irrotational
shear as the directional error does not exceed 5° for either case.
One interesting observation for the St = 0.5 particles in irrota-

Copyright © 2022 by ASME



w

Mean B (°)
N

100 10! 102

St

1072 1071
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tional shear and the forced vortex is that there is a larger max-
imum f observed for these than for the St = 5 particles which
is a break in the trend of increasing maximum f with S¢. This
could possibly be attributed to the more complicated preferen-
tial concentration observed in the literature for particles where
St O(1) but St < 1 [32]. However, this trend was not observed in
stagnation point flow.

Figure 12 shows the root mean square (RMS) of the error
vector magnitude ||e|| vs St for the three single canonical flows.
Like 3, the RMS of ||e|| generally increases with St. The most
glaring exception shown in the graph is for the forced vortex case
at St = 0.5 and St = 50. Considering the y-axis scale of Figure
12, this could be a reflection of statistical noise. Again, it is
useful to know how this error depends on position in the flow and
if there are any systematic trends. Figure 13 shows the magnitude
of e as a function of x), for the stagnation point and forced vortex
flows. For the stagnation point flow, the highest errors occur

10
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FIGURE 11: FORCED VORTEX DIRECTIONAL ERROR (f3)
DISTRIBUTION. The bin widths are 1°.

along the y-axis primarily near the origin and near the limits of
existing particle position. For the stagnation point flow, the y/x
axes are streamlines that define and divide the overall motion of
the flow. These patterns in the error are thought to be the result
of particles deviating from and crossing these streamlines. The
forced vortex case exhibits its peak error near the origin for all St
and does not suggest error correlation with the streamlines.

Lastly, Figure 14 shows an error averaged by St previously
defined as E. E describes how magnitude of the ANN-predicted
acceleration compares to the actual particle acceleration. If E is
negative, the model has under-predicted the acceleration magni-
tude and vice-versa. While no strong trends can be identified,
this plot does suggest that the ANN is producing accelerations
on the correct order of magnitude as the maximum average er-
ror observed is approximately 0.1 or 10%. This maximum error
was found for St = 500 in stagnation point flow. The stagnation
point and irrotational shear seem to follow similar trends, and the
forced vortex appears to trend in the opposite manner. Addition-
ally, it does appear that the models generally tend to over-predict
a.

As a means to validate the end goal of predicting particle
motion with machine learning, the ANN trained for the forced
vortex was substituted for Eq.(7) in the LSODA solver. Figure 15
shows the ANN’s prediction of particle motion for ten particles
of St =5 and St = 500, and the figures on the left column were
initialized with no velocity while the right column figures were
all initialized with a random velocity in range v* = [+1,+1].
The ANN does seem to predict the initial direction of motion
for most cases; however, the predicted trajectories quickly di-
verge. As shown in Figure 15, the St = 500 case with zero initial
velocity matches the governing equation solutions much better
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than the other zero initial velocity cases. Additionally, the St =5
case with random initial velocity appears to match the governing
equation solutions better than the other random initial velocity

cases.
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FIGURE 14: MEAN E VS St. The results of the forced vortex,
irrotational shear, and stagnation point flows are shown by the
orange, green, and blue lines, respectively.

3.3 Combined Flows

The original decreasing HL size ANN structure proved im-
practical for training with multiple sets of combined flow data.
Therefore, following [31], a rectangular-like block structure
ANN was tested and slightly tuned. The rectangular block struc-
ture has the same number of neurons in each HL, and this work
refers to the structure as rectangular-like because the last two HL
are made smaller such that some form of abstract generalization
is forced. This ANN structure proved more feasible with the
combined flow particle data from 6 = 15° —360°. After test-
ing various ANNs up to 10 HL deep, a 7 HL rectangular-like
block structure ANN (150 neurons in first five HL and 100 in
the last two HL) was trained with with the Adam optimizer and
SGD with Nesterov momentum. The Adam optimizer converged
reached the stopping criteria of 1.0E—5 in around 10.25 hours,
while SGD reached a loss of 5.24E—5 after training for 48 hours.
It should be noted that the streamline data-driven (DD) prepro-
cessing approach presented in Section 3.1 is used for all results
shown in this section, unless otherwise noted. Specifically, the
ANN input vector is [ﬁs*,\fn*,ﬁs*,cfp, ﬁf, DD“—;‘:,ﬁp,ﬁg,ﬁg, %, %},
and the model output is [‘Zvi;* , ‘Zvif} where the (=) notation refers
to data normalized by the absolute maximum values of the cor-
responding variable in the data set as previously defined by
Eq.(25). Thus, all normalized ANN inputs are scaled within
range [—1, 1]. The subscripts s and n indicate the stream-wise and
normal vector components, respectively. That is, v = vs§+ v, 7,
where the unit vectors § and #; are defined in Section 2.3. It
should be noted that i,* = ||u*|| because the streamline coordi-
nate § = ﬁ is defined as the unit vector in the direction of fluid
velocity.

The following data analysis comes from the Master ANN
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FIGURE 15: ANN PARTICLE MOTION VALIDATION. The
exact particle trajectories (blue) and ANN approximation (red)
are shown superimposed over the circular streamlines. Particles
were initialized with zero (left) or random velocity (right). Tra-
jectories are for * = [0, 1] except (c), shown for r* = [0, 3].

trained with the Adam optimizer. As before, the directional error
is first considered. Figure 16 shows the distribution of 3 for the
five different St considered. Note that the y-axes are no longer
displayed with a logarithmic scale. The Master ANN is much
more adept at predicting the acceleration direction for the smaller
particles. For the largest particles, it appears that about half of
the model predictions are in the exact opposite direction of the
actual acceleration (8 = 180°). For St = 0.05 and St = 0.5, the
distribution is concentrated around 0°. For St = 5 and above, a
bimodal distribution is observed, where the concentrated regions
are around 0° and 180°. While the model performance is clearly
sub-par, it is encouraging to see that most densely populated re-
gion of the histogram is near the lower error.

Additionally, ||e|| is shown as a function of x), by St in Fig-
ure 17. Note that a more tilted view of the scatter plot is given for
St = 0.05 because the isometric view is not easily interpretable
for this St. While these errors are much higher than observed in
the single flow cases, several interesting trends can be observed.
First, the magnitude of e generally increases with St. However, it
should also be noted that the St = 0.5 case produced several out-
liers higher than any value observed in the St = 5 case. This sug-
gests that the complex preferential concentration at St O(1) < 1
previously mentioned may be affecting the ANN’s performance.
Additionally, many of the peaks observed on these error plots

12

%] %] wn
ke ke 3
= = L
B £ 1000 B
S 10000 g 2500
c c c
8 8 500 15
2 2 2
© © ©
s | 3 3
g 0 g o0 S o
- 0 100 Z o 100 0 100
B(°) B(°) B(°)
St =0.05 St=5 St =500

FIGURE 16: COMBINED FLOW DIRECTIONAL ERROR
DISTRIBUTION

S S S
g-g';; 055 5
o 2 , 0. g'@ 2.5 00
-5 y* —=2. . —Z. X
P 55 2025y Q05 Y

- — - . - —
25 50 250 500 2500 5000 7500

St =0.05 St=S5 St =500

FIGURE 17: COMBINED FLOW RELATIVE ERROR MAG-
NITUDE (||e||) POSITION DEPENDENCE

occur near the origin, which is consistent with the results shown
in Figure 13. Beyond this, it is not possible to identify error de-
pendence on position because all 24 variations of combined flow
(0° < 6 < 360°) are shown in this plot.

It follows that the error dependence on 8, as defined in Fig-
ure 2, is examined. As shown in Figure 18, the error 8 appears to
have some dependence on 0 for St = 0.05 and St = 0.5. For these
St, error decreases as 6 increases from 0° to 180° and then in-
creases from 180° to 360°. This does not indicate any preference
by the ANN for flow dominated by strain or rotation, as 0 = 0°
and 6 = 180° are both irrotational. It could simply mean that the
ANN has some implicit numerical preference for the streamlines
configured with 6 = 180°. Additionally, while not as strong as
the smaller Sz, St = 5 appears to exhibit some symmetry about
6 =180°.

Figure 19 shows the the RMS of ||e|| vs 6 by St, which is
again shown to increase with S¢. Similarly to the trends observed
in Figure 18, the errors for St = 0.05 and St = 0.5 exhibit some
symmetry about 8 = 180°, and the higher St have no discernible
dependence on 6.

3.4 Homogeneous Isotropic Turbulence

It is not surprising that the neural network trained with 2D
data does not do a great job of capturing the behavior of the 3D
HIT. Since it cannot predict motions out of plane, the predicted
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FIGURE 18: 3 VS 0. The green triangles, orange diamonds,
blue pentagons, red squares, and purple upside-down triangles
correspond to St =0.05, 0.5, 5, 50 and 500, respectively.

FIGURE 19: RMS OF ||e|| VS 6. The green triangles, orange
diamonds, blue pentagons, red squares, and purple upside-down
triangles correspond to St =0.05, 0.5, 5, 50 and 500, respectively.

acceleration will almost always be incorrect. Figure 20 shows the
directional error vs 6 by St. It is important to note for this case
that the flow characteristic is calculated as 6 = arctan (%) and is
therefore limited to the range (0°,90°) since Q and S are positive
by definition. The average directional error is shown to be no less
than 80°. Interestingly, the highest error is associated with the
smallest St in this case. No obvious trends with 6 are observed
other than 8 for St = 0.2, 2, and 20 increase as 8 approaches 90°,
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which corresponds to flow where rotation is dominant. The St =
0.02 directional error decreases as 8 approaches 90°. Figure 21
shows the average magnitude of e as a function of 0 by St. St =2
results in the highest overall error for this metric and appears
to be increasing with 6. The other three St do not appear to
have any direct correlation with 6; however, they do seem to
decrease as 0 approaches 90°. Additionally, it should be noted
that a large spike in error occurs around 6 = 60° for St = 20.
Lastly, Figure 22 shows the mean of E as a function of 6 by
St. The lowest and highest errors for this metric occur for St =
0.2 and St = 2, respectively. The data for these two St, while
different in value, follow similar trends. Interestingly, the data
for St = 0.02 and St = 20 also follow the same overall trend,
although not as closely.

4 CONCLUSION

The viability of deep, feed-forward neural nets to predict
particle acceleration has been studied for several canonical flows.
For each canonical flow, a four hidden-layer ANN with succes-
sively smaller hidden layers was built and trained using PyTorch.
The directional error and the RMS of the relative error vector
magnitude were found to increase with Sz. Three-dimensional
representations of the error ||e|| as a function of particle posi-
tion for the stagnation point flow suggest that there is some cor-
relation between the observed error and the fluid streamlines.
The error is slightly larger for particles located on the dividing
streamline for the stagnation point flow (y-axis), which could be
a result of the particles deviating from this streamline. Despite
not being trained with transient data sets, the ANN can predict
the trajectory of St = 500 particles with no initial velocity and
St = 5 particles initialized with a random initial velocity with
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some accuracy.

For laminar flow combining shear and vortex flows, the de-
creasing hidden-layer size network architecture was not suffi-
cient for meaningful model training with the more complex com-
bined flow case. Therefore, a seven hidden-layer ANN with a
rectangular-like block structure (five hidden layers of the same
size followed by two smaller hidden layers) was used. How-
ever, it is clear that the ANN does not fully model the function
space. Of the particles considered, the combined flow ANN’s
performance was the best for the two smallest St considered in
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the combined laminar flows. For the larger St in the combined
flow cases, the predicted particle acceleration was often in the
exact opposite direction of the actual vector. Additionally, for
the 3D HIT case, the combined flow ANN failed to predict the
particle accelerations in any meaningful manner. This is not sur-
prising, as the combined flow ANN was trained with steady 2D
laminar combined flow data and that network struggled to learn
even the 2D space.

Future Studies The results of this study suggest that the
the deep feed-forward neural nets presented here are not suffi-
cient to capture the function space of particle acceleration. It
will be the topic of future work to use more advanced strate-
gies for developing neural nets. For example, the current work
focused only on feed-forward neural networks; however, con-
volutional neural networks are more popular in practice. The
work can also use more sophisticated manners of preprocessing
data for the neural network. The first alternative solution is to
consider more complex variations of ANN models such as gen-
erative adversarial networks (GANs), which have demonstrated
capability of forecasting high-fidelity simulations [33]. Sepa-
rately, a physics-informed neural network (PINN) approach [10]
with a loss function informed by the relevant governing equations
may offer some advantage. Lastly, improvements can be made to
the neural network itself by training with three-dimensional un-
steady data. These three approaches could be implemented inde-
pendently to demonstrate their unique advantages and downfalls
and combined accordingly such as in [34].
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