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The goal of this work is to facilitate the design of gas turbine engine particle separators by
reducing the computational expense necessary to accurately predict particle motion with
machine learning (ML). It is well known that particle ingestion has many detrimental impacts
on gas turbine engine operation. Particle ingestion is especially of concern in environments
where dust, ash, or ice persist. Accordingly, devices called particle separators are used to remove
the particles before they enter the engine. The goal of this work is to improve prediction of
particle motion in separators. Ice particles are chosen for this study because of their relevance
to civil aviation. The louver particle separator developed by [1] with computational studies is
used as a baseline for this work. It has been shown that particle acceleration can be reasonably
well-predicted in simple laminar flows using deep feed-forward neural networks [2]. However,
there exists a gap for predicting particle acceleration in engineering flows such as the louver
geometry of [1]. This is the topic of the current paper. The work builds upon work for laminar
flows [2]. In the current work, the complex flow around the louver is decomposed into a laminar
shear flow and laminar vortex, and results from [2] are used to analyze the decomposed flows.
The accuracy of this decomposition for capturing particle trajectory in the louver is evaluated.

I. Nomenclature

x = Position
v = Particle velocity
v𝑟 = u − v = Relative velocity
u = Gas phase velocity
a = Particle acceleration
a𝑁𝑁 = Neural network-predicted particle acceleration
d = Diameter
𝐹 = Force
A = Louver anchor length
L = Louver length
𝑆𝑡 = Stokes number
𝑅𝑒𝑖𝑛 = 𝜌𝑔𝐻𝑢𝑖𝑛/𝜇𝑔 = Inlet Reynolds number
𝑅𝑒𝑝 = 𝜌𝑔 |v𝑟 |𝑑𝑝/𝜇𝑔 = Particle Reynolds number

Greek letters
𝜌 = Density
𝜇 = Dynamic viscosity
Φ = Volume fraction
𝜏𝑝 = Particle response time
𝜏 𝑓 = Flow timescale
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∗Graduate Student, Department of Mechanical Engineering
†Graduate Student, Department of Mechanical Engineering
‡Assistant Professor, Department of Mechanical Engineering, and AIAA Member
§Corresponding author: palmore@vt.edu

1

mailto:palmore@vt.edu


p = Particle
g = Gas
in = inlet
D = Drag

II. Introduction

Ice has always posed a threat to aircraft operation. While much of the existing literature on ice involves the study ofaccretion, this work focuses on ice that has been ingested into the gas turbine engine. Ice can enter the engine in two
ways. Large pieces of ice accretion can break off aircraft surfaces and be ingested. Alternatively, existing ice in the
atmosphere such as ice crystals or hailstones can be ingested into the engine. Of the two atmospheric ices, hailstones are
of much more concern to safe operation of the engine as they typically range from 0.5 cm to 3.0 cm in diameter [3]. It
has been well documented that general particle ingestion can have detrimental effects on the operation of gas turbine
engines [4]. Ice particle ingestion can cause consequences ranging from surface wear abrasion to power loss. Ice that
passes through the fan stage and enters the core presumably melts in the high pressure region of the compressor [5].
Thus, this increases the humidity of the air in the core and changes the operating conditions from the design point [3].
The compressor is highly sensitive to operating condition changes and can enter surge as a result [5].

This paper addresses the prediction of spherical ice particle motion in particle separators. Inertial particle separators are
devices that utilize the momentum of solid particles to separate them from a flow. This type of separator is the most
applicable to gas turbine engines because of their ability to remove particles from the flow without substantial pressure
loss [1]. There are predominantly two styles of particle separators that have been studied: cyclone and particle deflectors
with some form of collector. In practice, particle separators are built into the inlet of the engine [1], as would be most
practical for ice particle separation. Figure 1 shows an example of a particle deflector type separator. This particular
geometry is known as a louver particle separator because of its similarity to the louvers of a window shutter or blind.
When it comes to the design of particle separators, there is still much to be learned. The prediction of the ice particle
motion inside of the turbulent air flow is challenging and of critical importance to accurately assess particle separation
efficiency. One strategy is through numerical simulation using computational fluid dynamics (CFD); however, such
studies are computationally expensive. This work is part of an effort to create ML surrogates for particle motion that can
be used to simplify separator design. The initial work presented here focuses on developing models that can accurately
recreate particle trajectory.

Fig. 1 Louver particle separator geometry with collector bin [1]. In successful operation, the louvers deflect the
particles upwards such that they flow into the collector bin and do not escape. Modified from [1].

A. Particle Motion Theory
The motion of particles suspended in a fluid can be characterized by the non-dimensional Stokes number, 𝑆𝑡, defined by
Eq.(1). Physically, 𝜏𝑝 can be thought of as the time that it takes for the particle to respond to changes in the gas flow.

𝑆𝑡 =
𝜏𝑝

𝜏 𝑓
(1)

𝜏𝑝 =
𝜌𝑝𝑑

2
𝑝

18𝜇𝑔
(2)

The governing equation for a particle moving through gas, neglecting gravity, can be shown to be:
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𝑑v
𝑑𝑡

= − 𝑓
v − u
𝜏𝑝

(3)

where, the function 𝑓 introduces a nonlinear drag forcing dependence on the relative velocity. 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 ballistic manner and are not especially driven by the flow stream lines [6]. 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 [7]

v = u − 𝜏𝑝

(
𝐷u
𝐷𝑡

)
+𝑂 (𝜏2𝑝) (4)

where 𝐷/𝐷𝑡 is the material derivative. When Eq.(4) is substituted back into Eq.(3), the resulting expression gives

𝑑v
𝑑𝑡

=
𝐷u
𝐷𝑡

+𝑂 (𝜏𝑝) (5)

which confirms that the behavior of sufficiently small particles (small 𝜏𝑝) closely follows that of the streamlines. However,
Eq.(5) also hints at a strategy for larger particles. By considering 𝜏𝑝 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 combined laminar flow configurations are performed
in the scientific Python environment (SciPy), and is discussed in more detail in the Methods section. Particles of
various diameters corresponding to Stokes numbers from 0.05 - 500 are 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.

B. Machine Learning
The deep feed forward neural network is developed using the open-source ML library PyTorch. PyTorch is a widely
deployed open-source ML framework with a strong research support community. Although the classical application of
machine learning is computer vision, current research is showing how ML can be applied to CFD and multiphase flows
[8–10]. This work trains the ANN with a well-defined, redundant dataset from combined laminar flows and evaluates
how the ML model performs for a particle separator flow using flow feature extraction.

This work extends on the ML methodology presented for particles immersed in laminar canonical flow fields in [2],
where the key difference includes a modification of the loss function. Also, for testing the ML model performance with
a more realistic flow, this work focuses on a louver-style particle deflector geometry from the results of a computational
study performed by [1].

III. Methods
The scope of particle motion studies conducted assume that the particle volume fraction is small enough such that the
dispersed 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 𝜌𝑔 = 917𝑘𝑔/𝑚3 [11].

The fundamental principle of this work is the idea that complex flows can be represented as a superposition of simple
flows. This idea comes from considering the Taylor expansion of the velocity

𝒗 = 𝒗0 + Δ𝑥 · ∇𝒗0 (6)

Over small scales, the influence of complex flow can be represented using only the velocity gradient. The velocity
gradient, in turn, can be broken down into a purely rotational and purely straining component. The primary hypothesis
of this work is that all complex flows, including flow in a louver particle separator, can be decomposed in this manner.
For this work, we consider the decomposition of complex flows using combinations of the forced vortex and irrational
shear flows. This velocity field is given by

u = [(𝑒 − 𝜔)𝑥2, (𝑒 + 𝜔)𝑥1] (7)
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Here 𝑒 is the shear rate and the rotation rate is 𝜔. This work will compare results of particle accelerations from actual
louver flows and from superimposed simple flows to evaluate the accuracy of the primary hypothesis.

A. Neural Network Model
Following [12], a rectangular-like block structure ANN was tested and slightly tuned. The rectangular block structure
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 𝜃 = 15◦ − 360◦. Specifically, a 7 HL rectangular-like block structure ANN
(150 neurons in first five HL and 100 in the last two HL) was used. Rather than using the pure mean squared error
(MSE) between the actual and ANN predicted accelerations, a custom loss function was defined to account for the
physical nature of acceleration. It is discussed in Section IV.

1. Training Data Generation
The governing particle dynamics equations are shown in Eq.(8) and Eq.(9) where x𝑝 and 𝑚𝑝 are the particle position
and mass, respectively. The drag force, F𝐷 , is given by Eq.(10) where the relative velocity is given by v𝑟 = u − v and 𝐴
is the projected particle area normal to the flow. The drag coefficient, 𝑐𝐷 , is taken to be the Schiller-Naumann relation
given in Eq.(11) [13].

𝑑x𝑝

𝑑𝑡
= v (8)

𝑚𝑝

𝑑v
𝑑𝑡

= F𝐷 (9)

F𝐷 =
1
2
𝑐𝐷𝜌𝑔 |v𝑟 |2𝐴

v𝑟
|v𝑟 |

(10)

𝑐𝐷 =
24
𝑅𝑒𝑝

(1 + 0.15𝑅𝑒0.687𝑝 ) (11)

To generate the ANN training data, the governing equations (Eq.(8) and Eq.(9)) of the particle dynamics are solved
using numerical integration techniques in the scientific Python computing environment (SciPy). The particle initial
conditions are taken as v(𝑡0) = [0, 0] and x𝑝 (𝑡0) = [𝑥1,0, 𝑥2,0], where the initial positions 𝑥1,0 and 𝑥2,0 are randomly
selected. However, 𝑥1,0 and 𝑥2,0 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 employed
[14]. Some brief testing was performed with stiff ODE solvers in SciPy including LSODA, Radau, and backwards
differentiation. It was found that LSODA was more computationally efficient for this problem, and hence it was selected.

The velocity fields for the study are synthetically generated using the combined flow field, Eq. (7). The strength of the
flow field is measured with second principal invariant of the velocity gradient, defined in Eq.(12).

𝐼2 (∇u) = 1
2

(
(𝑡𝑟 (∇u))2 − 𝑡𝑟 (∇u2)

)
(12)

For an incompressible flow, Eq.(12) can be shown to simplify as

𝐼2 (∇u) = 1
2
𝜕𝑢𝑖

𝜕𝑢 𝑗

𝜕𝑢𝑖

𝜕𝑢 𝑗

(13)

where Einstein summation convention is used. We define 𝐽 (∇𝒖) =
√︁
2𝐼2 (∇𝒖). This quantity can be thought of as a

type of magnitude for the velocity gradient tensor. This definition can also be applied to the symmetric part of the
tensor (S) and antisymmetric part of the tensor (𝛀) of the velocity gradient to yield strengths 𝑆 and Ω, respectively. Not
surprisingly, Ω = |𝜔 |, 𝑆 = 𝑒, and 𝐽 =

√
𝑆2 +Ω2.

A grid of 𝑒 and𝜔 values was generated based upon a unit circle idea. Note that 𝐽 =
√
𝑒2 + 𝜔2 and define 𝜃 = 𝑡𝑎𝑛−1 (𝜔/𝑒),

then 𝑒 = 𝐽 cos 𝜃 and 𝜔 = 𝐽 sin 𝜃. Fixing, 𝐽, the quantities 𝑒 and 𝜔 are uniquely defined by choosing 𝜃. For a given 𝐽
value, this work sweeps through 𝜃 ∈ [0◦, 360◦) in 15◦ increments.
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Fig. 2 Streamline coordinates. The blue line represents the fluid streamline. The green dashed line represents
the particle’s path. Vectors are shown for the streamwise and normal unit vectors at the particle’s instantaneous
position.

Furthermore, to non-dimensionalize the model inputs the governing equations are modified as

𝑑v∗

𝑑𝑡∗
=
1
2
𝜌𝑔

𝜌𝑝

𝐿𝑛𝑑𝐴
∗
𝑝𝑐

∗
𝐷
| |v∗𝑟 | |2

𝑉∗
𝑝

v∗𝑟
| |v∗𝑟 | |

(14)

𝑑x∗𝑝
𝑑𝑡∗

= v∗ (15)

𝑐∗𝐷 =
24
𝑅𝑒∗𝑝

(1 + 0.15(𝑅𝑒∗𝑝)0.687) (16)

𝑅𝑒∗𝑝 =
v∗𝑟𝑑∗𝑝
𝜈∗

(17)

where the dynamic viscosity 𝜈 = 𝜇𝑔/𝜌𝑔, ()∗ indicates a non-dimensionalized parameter (e.g. 𝑑∗𝑝 =
𝑑𝑝

𝐿𝑛𝑑
). The natural

choice for the timescale to non-dimensionalize is the factor, 1
𝐽
, and the length scales are non-dimensionalized with

𝐿𝑛𝑑 = 1.0𝑐𝑚 based on the order of magnitude that hailstones normally exist at [15]. The relevant equations are solved
in non-dimensional form using 𝐿𝑛𝑑 = 1.0𝑐𝑚 and 1

𝐽
as the characteristic values.

Five different particle sizes corresponding to 𝑆𝑡 = 5 × [10−2, 10−1, 100, 101, 102] are considered in this study. The
relevant parameters are extracted for 5,000 particles of each 𝑆𝑡 at 𝑡∗ = 1.0 (𝑡 = 𝑡∗𝐽), and 80% of the data are used for
training the ANNs and the remaining 20% are used for validation.

The ANN model inputs are given as

𝑑v∗

𝑑𝑡∗
= 𝑔

(
v∗, u∗, 𝑑𝑝 ,

𝐷u∗

𝐷𝑡∗
, 𝜌𝑝 , 𝜌𝑔, 𝜇𝑔,

𝑒

𝐽
,
𝜔

𝐽

)
(18)

such that the model can use the relative contributions of rotation and strain at the particle location as a means of flow
feature extraction for general flows. The training data is preprocessed using a transformation of coordinates to streamline
coordinates as suggested in [2], and it is shown in Figure 2. The solid line in Figure 2 represents a fluid streamline and
the dashed line represents a particle path. The streamline coordinates are represented by 𝑠-𝑛̂𝑠 , where 𝑠 is tangent to the
fluid streamline (i.e. the direction of u) and 𝑛̂𝑠 is the corresponding normal vector.

B. CFD Solver and Computational Setup
Machine learning data is compared to particle flow analysis in the actual louver. For simulations of the louver geometry
in this study, Eulerian-based gas phase transport equations and Lagrangian-based particle tracking equations are utilized
for the unique challenges that particle laden flows present [16] [17]. This Euler-Lagrange method uses Direct Numerical
Simulation (DNS) to solve the transport equations, which are given by the Navier-Stokes equations. Following Miranda
and Palmore [18], the particles are modeled as discrete, perfectly spherical bodies that are governed by the Lagrangian
equations defined by Eqs. (8) to (11). The equations used by Miranda and Palmore are simplified such that the forces due
to particle collisions are not included because these multiphase simulations fall under the regime of one-way coupling,
and gravitational forces are neglected as well.
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Fig. 3 Louver particle separator computational domain. The top and bottom of the domain are no-slip walls,
the flow into the domain is a velocity inlet where particles are also initialized with the same inlet velocity as the
fluid, and the outlet allows particles to escape the domain.

The inlet is specified as a velocity inlet and the top and bottom of the domain are no-slip walls as shown in Figure
3. For each particle size, the domain size is scaled so the ratio of 𝐿/𝑑𝑝 is not altered. The inlet velocity 𝑢𝑖𝑛 is then
specified to fix 𝑅𝑒𝑖𝑛, and the wall boundary conditions are specified since particle separators are designed for either
inlet or secondary flow particle separation [1]. Additionally, the louver geometry is taken as a no-slip wall and the outlet
boundary condition is a convective outflow that also allows the particles to escape the domain. Particles are initialized
with the same velocity as the fluid at the inlet. These simulations are designed to ensure that the volume fraction of
particles to fluid, Φ, does not exceed 10−6, such that the governing equations reflect a one-way coupled scheme [19].
The single louver, shown in the middle of the domain, is defined by the louver and anchor lengths L and A, respectively,
and the louver angle 𝜙.

IV. ANN Setup
The use of an artificial neural network (ANN) requires the selection of a large number of parameters in an ad hoc
manner. The process of choosing the parameters are typically not demonstrated in the open literature. Here, a major
focus of the work is to demonstrate the relative importance of the various strategies in designing a nerual network.

A. Choice of Loss
From a mathematical perspective, training a neural network consists of selecting a set of parameters that minimizes a
certain objective function, called the loss. The loss is usually taken to be some functional applied to the error from the
training. The most common choice for the functional is the mean square operation so that the loss is the mean square
error (MSE). In [2], the MSE was used initially, however, it was discovered that the accuracy of the neural network
prediction was strongly dependent on particle size. In order to equally penalize the weights and biases for accelerations
of small and large particles, (small particles will experience much larger accelerations compared to the large particles) a
custom loss function is defined for the ANN.

To define the loss, a few definitions are in order. The error (vector) is defined with the difference between actual particle
acceleration (predicted from detailed fluid dynamics) and the neural net,

𝒆 = 𝒂 − 𝒂𝑁𝑁 (19)

Error can also be measured based on the prediction of the magnitude predicted by the neural net and the direction,

𝐸 = |𝒂 | − |𝒂𝑁𝑁 | (20)

𝛽 =
𝒂·𝑁𝑁

|𝒂 | |𝒂𝑁𝑁 | (21)

Initially, a loss function defined as 𝑙𝑜𝑠𝑠 = 𝑐1 ∗ MSE(𝐸) + 𝑐2 ∗ MSE(1 − cos 𝛽) was used, where 𝑐1 and 𝑐2 are
hyperparameters that should be tuned. However, this approach did not work well as it is impossible to know how 𝐸
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(a) Unnormalized streamline data. (b) Unnormalized Cartesian data.

Fig. 4 Use of 𝐿1 loss function. The 𝐿1 loss function is less sensitive to outliers and allows the ANN to achieve a
lower loss. Note that the 𝑙𝑟 in b) was iteratively limited similarly to a).

Table 1 Master ANN Data Preprocessing Effects. Trained with Adam using SELU activation function and
custom 𝐿1 loss function. Final training and validation loss after iteratively decreasing 𝑙𝑟 to 1.0E-7 is shown.

Coordinate System Training Loss Validation Loss
Cartesian 4.45E-03 5.91E-03
Streamline 2.22E-03 2.83E-03

scales a priori. Since the term 1 − cos 𝛽 is always of order unity, the lack of scaling for 𝐸 meant that the neural network
trained scaled exclusively on magnitude and not direction. An alternative approach was introduced as

𝝐 =
e

| |a| | (22)

loss = MSE(𝜖) (23)

This has the advantage of having a natural scaling built into the definition of 𝜖 , however the disadvantage that the relative
importance of the magnitude error and directional error cannot be tuned separately.

Another important parameter in training is the learning rate, 𝑙𝑟. It controls sensitivity of the training to variations in
the loss. During training, it was found that manually limiting the learning rate was conducive to further convergence.
This was surprising based on the fact that the Adam optimizer computes adaptive learning rates of its own for various
parameters [20]. As the convergence of the training appeared to level off, the 𝑙𝑟 was decreased by a factor of 10, and the
training was restarted. This process was repeated until a desired loss was achieved, or no further decrease in the loss can
be established through the process.

Through all of the previous studies, the MSE loss function had been used as it is a standard workhorse in neural network
research. However, the MSE is known to be sensitive to outlier data. Hence, training is slowed down by this sensitivity,
and a loss function is based on an alternative approach. The 𝐿1 method, related to the mean absolute error (MAE), was
chosen due to its lower sensitivity to outliers. Figures 4a shows the result of training the network with 𝐿1. The final 𝐿1
training loss achieved was 2.2E-3 as shown in Table 1, which is an order of magnitude lower than the same network
trained using the MSE loss. An addition test was done to repeat a result of [2] which demonstrated that preprocessing
the data into streamline coordinates trained better than Cartesian coordinates. The neural network was retrained with
the Cartesian data set, and the resulting training and validation trends are shown in Figure 4b. As expected, the final
training loss was higher, in fact about twice as large at 4.4E-3, than the streamline data test as shown in Table 1. This
agrees with and bolsters the results shown in [2]. The validation loss for the Cartesian data test is also proportionally
higher than that of the streamline data.

B. ANN Validation
Using the trained ANN from Figure 4a, the validation data were analyzed in detail as shown in Figure 5. This time,
however, it was appropriate to include a plot of the 𝐿1 error vs. 𝜃 norm as shown in Figure 5d. Much like the validation
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(a) 𝛽 vs. 𝜃 (b) Mean 𝐸 vs. 𝜃

(c) RMS of 𝜖 vs. 𝜃 (d) 𝐿1 norm of 𝝐 vs 𝜃

Fig. 5 Improved ANN combined flow errors for 𝑆𝑡 = 0.05 ( ), 0.5 ( ), 5 ( ), 50 ( ) and 500 ( ).

results presented in [2], the smallest two 𝑆𝑡 exhibit some symmetry about 𝜃 = 180◦, but for this ANN all 𝑆𝑡 directional
errors have some amount of symmetry about 𝜃 = 180◦. Additionally, the values of 𝛽 are much more acceptable than
before. The maximum average 𝛽 for any combination of 𝑆𝑡 and 𝜃 does not exceed 0.3◦, while previous results for the
larger 𝑆𝑡 had most average 𝛽 on the order of 60 − 80◦. As shown in Figure 5b, the mean absolute value of 𝐸 only
slightly exceeds 0.01 for three combinations of 𝑆𝑡 and 𝜃. This means, on average, the predicted acceleration magnitude
is within 1% of a. In fact, most of the values are below 0.005. The main values of 𝜃 where the peaks occur are around
45◦, 135◦, 225◦, and 315◦. For each of these values of 𝜃, |𝜔 | = |𝑒 | and it can therefore be shown that 𝐷u

𝐷𝑡
= 0. The

model likely has difficulty dealing with zeros in the inputs 𝐷u
𝐷𝑡
as it likely heavily relies on it for all other data points.

Similar trends can be observed in Figure 5c, and it should also be noted that these errors are generally being observed to
decrease with 𝑆𝑡. This is the exact opposite trend that was observed in [2]. In Figure 5d, the dependence of the 𝐿1 norm
of 𝝐 on 𝑆𝑡 appears to be weakened. This could be for two reasons. Since the ANN was trained with this loss function, it
may have successfully balanced the loss from each 𝑆𝑡 data set equally. Alternatively, it could be simply that the 𝐿1 norm
is less sensitive to outliers.

Histograms of the directional error 𝛽 were plotted by 𝑆𝑡 as shown in Figure 6. The y axis is displayed with a log scale to
indicate the largest errors that occurred. For each 𝑆𝑡, the maximum error is no more than 65◦. The histograms are
remarkably similar, which is likely an ode to the custom loss function. For each case, the fullest bin is the 0◦ − 1◦,
which in each case holds clearly over 104 validation particles.
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St=0.05 St=0.5 St=5

St=50 St=500

Fig. 6 Combined flow directional error distribution for the improved ANN. The bin widths are 1◦

1. Forward Trajectories
The artificial neural network was trained to predict the acceleration of particles based on flow conditions. Although the
errors in acceleration are low, the accumulated effect of these errors on the prediction of overall particle trajectories
must be tested. For this case, the ANN is used to produce the particle accelerations which are integrated in time, from
the particle initial condition. It is compared to the results of solving non-dimensional governing equations given by
Eq.(14) and Eq.(15). For the initial test, 𝜃 = 90◦ is used to serve as a useful comparison to the ANN trained for the
forced vortex in [2].

The results for all 𝑆𝑡 particles considered in 𝜃 = 90◦ are shown in Figure 7. For the zero initial velocity case in Figure 7a,
the particle track predicted with the ANN appears to be very short compared to the actual plot of x𝑝 (𝑡) for the smaller
𝑆𝑡 particles. For 𝑆𝑡 = 50 and 500, the governing equations particle tracks are also very short, and will be explored
in more detail. For those particles given a random initial velocity shown in Figure 7b, the ANN appears to perform
well for six of the ten 𝑆𝑡 = 0.05 particles considered. However, for the other 𝑆𝑡 considered, the use of a𝑁𝑁 appears to
result in very similar particle location paths as the 𝑆𝑡 = 0.05 particles. To better understand the performance of the
Master ANN for the larger 𝑆𝑡 with v0 = [0, 0], a single particle track is shown in detail for 𝑆𝑡 = 50 and 𝑆𝑡 = 500 in
Figure 8. Clearly, the Master ANN performs well for the 𝑆𝑡 = 500 particle shown while less than half of the particle
track is predicted for the 𝑆𝑡 = 50 particle. The superior performance of the ANN for 𝑆𝑡 = 0.05 particles with an initial
velocity and the 𝑆𝑡 = 500 particles with zero initial velocity may be an indicator that the ANN is not truly deciphering
the dependence of a on 𝑑𝑝 . The ANN was trained using data extracted at 𝑡∗ = 1.0 from the combined canonical flows
where the particles were initialized with v0 = [0, 0]. This means that the larger particles shown to the ANN would have
a much lower velocity at 𝑡∗ = 1.0 compared to the smaller particles since large particles experience smaller acceleration
in the same flow. As a result, the ANN may have placed unwarranted weight on acceleration’s dependence on particle
velocity. Thus, the particles initialized with zero velocity in Figure 7a were all determined to have small accelerations
and subsequently small displacements. Similarly, the particles initialized with a random velocity were predicted to have
large accelerations in the direction of the flow regardless of particle size as shown in Figure 7b. This supports the idea
that the Master ANN was over-trained based on v and did not decipher the influence of 𝑑𝑝 .
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(a) v∗ (𝑡∗ = 0) = [0, 0]

(b) Random v∗ (𝑡∗ = 0)

Fig. 7 Master ANN particle trajectory validation for 𝜃 = 90◦, which corresponds to the counter rotating forced
vortex. The vortex is indicated by circular streamlines. The particle trajectories of the governing equation
solution and ANN approximation are shown by the dashed blue and solid red lines, respectively. Figure a) shows
particles that were initialized with zero velocity, and the particles shown in Figure b) were initialized at the
same position but with a random velocity with x and y components in range [−1, 1]. All plots show the particle
trajectory for 𝑡∗ = [0, 1].
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Fig. 8 Master ANN closeups of large 𝑆𝑡 single particle tracks from Figure 7. The particle trajectories of the
governing equation solution and ANN approximation for 𝑡∗ = [0, 1] are shown by the dashed blue and solid red
lines, respectively.

2. ANN Model Sensitivity
To further validate the idea that the ML model may have over-trained the dependence of a on v, a simple sensitivity
study was conducted. The automatic differentiation package in PyTorch was used to compute the sum of the partial
derivatives of the two model outputs with respect to each input. Figure 9 shows a box and whisker plot (fliers excluded
for figure clarity) of this quantity for the entire data set (training and validation) for each model input. Clearly, the model
is most sensitive to the stream-wise and normal particle velocity components. While the model does show sensitivity to
the particle diameter 𝑑𝑝 , it is less dependent on this than the gas velocity magnitude and normal acceleration component.
Additionally, it is not surprising that almost no dependence is shown on the physical properties 𝜌𝑝 , 𝜌𝑔, and 𝜇𝑔 because
these were constant throughout the data. Interestingly, the model did not develop any significant dependence on the
non-dimensionalized contributions of strain and rotation, 𝑒

𝐽
and 𝜔

𝐽
, respectively. This may suggest that the idea of

decomposing complex flows into simple canonical flows is fundamentally flawed. For one-way coupled flow, the particle
trajectory may be dominated by local flow information such that the flow gradients do not affect the instantaneous
acceleration a. Alternatively, because the data set was constructed from particle data at 𝑡∗ = 1.0, it is also possible that
this data set did not demonstrate the dependence of a on 𝑒

𝐽
and 𝜔

𝐽
. If this is the case, the lack of dependence shown on

the tensor invariants is likely due to over-training on v.

C. Neural Network Training for Combined Flows
Figure 10 shows the training results of the ANN as the learning rate (lr) was varied. Specifically, as the training
performance appeared to plateau the lr was successively decreased by an order of magnitude. This iterative limiting of
the lr appears to have allowed the ML model to better fit the data.

V. Application to Louver Geometry
The purpose of this project was to investigate the use of machine learning for predicting particle trajectory in a particle
separtor. The louver particle separator is characterized by Musgrove et al.[1] with the area ratio (AR) and the number of
louvers (NL). Physically, the AR represents the ratio of total throat area between louvers to the domain height H and is
defined as AR =

𝛿 NL
H [1], where 𝛿 is the gap between louvers as shown in Figure 11. They found that an AR= 1.5

resulted in the lowest pressure loss of the ARs considered. Additionally, they show that NL = 8 louvers is optimal for
small particle separation efficiency [1]. Removing small particles from the flow is often the most difficult task in particle
separator design because sufficiently small particles closely follow the fluid streamlines, as previously discussed in
Section II.A. The louver anchors (of length AL) are stacked along a straight line angled to the horizontal shown by 𝛾,
which is determined by the space that the louver particle separator must fill [1]. The louvers themselves (of length L)
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Fig. 9 Model sensitivity to inputs. The model is clearly more sensitive to the particle velocity inputs.

Fig. 10 ANN training with manually decayed lr.
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Fig. 11 Multiple-louver particle separator geometry parameters.

are set at an angle 𝜙, which is defined relative to 𝛾 as shown in Figure 11.

The inlet is specified as a velocity inlet and the top and bottom of the domain are no-slip walls as shown in Figure 3.
The inlet velocity 𝑢𝑖𝑛 is specified to fix 𝑅𝑒𝑖𝑛, as defined in Eq.(24), where H is the height of the computational domain.
The wall boundary conditions are specified since particle separators are designed for either inlet or secondary flow
particle separation for gas turbine engine application [1]. As this setup mimics a pipe-flow case, the 𝑅𝑒𝑖𝑛 was set to
1000 to ensure that the flow was laminar [21]. This was required since the training data sets were taken exclusively from
laminar flows. To ensure a reliable fluid phase solution, the simulation time step Δ𝑡 was defined in order to limit the
Courant-Friedrichs-Lewy (CFL) number to 0.8, as defined in Eq.(25) where Δ𝑥 is the grid size. Moreover, the particle
CFL number CFL𝑝 defined in Eq.(26) was limited to 0.08, one order of magnitude less than the CFL, to ensure reliable
Lagrangian particle tracking.

𝑅𝑒𝑖𝑛 =
𝜌𝑔𝑢𝑖𝑛H
𝜇𝑔

(24)

CFL =
Δ𝑡 | |u| |
Δ𝑥

(25)

CFL𝑝 =
Δ𝑡 | |v| |
𝑑𝑝

(26)

Additionally, the louver geometry is taken as a no-slip wall, achieved with an immersed boundary method [22], and
the outlet boundary condition is a convective outflow that also allows the particles to escape the domain. Particles are
initialized at the inlet with the same velocity as 𝑢𝑖𝑛. These simulations are designed ensuring that the volume fraction of
particles to fluid, Φ, does not exceed 10−6, such that the governing equations reflect a one-way coupling scheme [19].
Particle diameters corresponding to Stokes numbers (𝑆𝑡 = 𝜏𝑝

𝜏 𝑓
) of 𝑆𝑡 = 5 × [10−2, 10−1, 100] are considered. In this

case, the particle response time 𝜏𝑝 is defined as before in Eq.(2). However, the fluid time scale is defined as 𝜏 𝑓 = 𝛿
𝑢𝑖
to

reflect the definition of 𝑆𝑡 given by [23]. The single louver, centered in the domain, is defined by the louver and anchor
lengths L and AL, respectively, and the louver angle 𝜙 which is measured with respect to the louver anchor. Musgrove et
al.[1] consider louver angles 𝜙 from 30◦ to 60◦, and use 𝜙 = 30◦ as a baseline comparison. However, note that the
optimal geometry presented by [1] varies 𝜙 from 30-45◦ along the louver pattern, but this study uses 𝜙 = 30◦ since
this was the angle used for baseline comparisons. Here, L is determined implicitly by the relation L = 𝛿

sin (𝜙) , after the
appropriate value of 𝛿 had been determined from AR= 1.5 and NL = 8 in accordance with [1]. While Musgrove et al.
vary the louver anchor length to determine an ideal geometry, here the anchor length is taken to be AL = 0.2L. In a
multi-louver simulation, [1] define the angle of the louver anchor to the horizontal as the angle as a constant angle
at which the louvers stack, (i.e. they would stack along the dotted line). For simulating a single louver, this angle is
arbitrary, and is chosen to be 10◦ to maintain similarity with [23].
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(a) (∇ × u)𝑧 (𝑠−1) (b) | |u| | (m/s)

Fig. 12 Developing flow around the louver geometry.

VI. Flow Feature Extraction for ANN Evaluation
In order to evaluate the ANN’s performance for particles in real flow, it was necessary to compute the non-dimensionalized
parameters v∗, u∗, 𝐷u∗

𝐷𝑡∗ ,
𝑑v∗
𝑑𝑡∗ , 𝑆

∗, and Ω∗ at each particle position for multiple locations and moments in time from
simulation data. It is also required that the times are greater than 𝜏𝑝 to decouple the particle statistics from the initial
conditions. Specifically, the particle data was extracted every 2000 simulation time-steps (2000Δ𝑡) which corresponds
to 𝑡 = 4.8E−2, 1.6E−1, and 2.5E−1 𝑠 for 𝑆𝑡 = 0.05, 0.5, and 5, respectively. These intervals were chosen since they
are much greater than 𝜏𝑝 for each particle and capture the particles at various points throughout the domain. It was
important to record data points at multiple simulation times in order to capture the particle interaction with developing
flow and the unsteady wake behind the louver geometry. Recall the definitions of the principal invariants of the strain
rate and rotation tensors, 𝑆 and Ω respectively, given in Section III. As before, time scales are non-dimensionalized with
1
𝐽
and length scales are non-dimensionalized by 𝐿𝑛𝑑 = 1.0𝑐𝑚. As expected, the flow around the louver was inherently

unsteady due to vortex shedding that occurs with blunt bodies immersed in flow. Figure 12a shows the z-component of
vorticity for developing flow in the single louver configuration. The vortex region can be clearly seen developing behind
the louver. The corresponding velocity magnitude is shown in Figure 12b.

Snapshots of the 𝑆𝑡 = 0.05, 0.5, and 5 particles are shown after approximately 0.9 seconds of flow time in Figure 13.
The 𝑆𝑡 definition agrees with theory, as the small 𝑆𝑡 particles appear to trace the flow, even near the louver boundary,
while the 𝑆𝑡 = 5 particles appear largely unaffected by the flow streamlines.

A. ANN Evaluation
As before, the directional error 𝛽, magnitude error 𝐸 , and normalized error vector magnitude 𝜖 were evaluated as a
function of the flow characteristic 𝜃. It is important to note that the flow characteristic is calculated as arctan (Ω

𝑆
) and is

therefore limited to the range (0◦, 90◦) since Ω and 𝑆 are positive by definition. Figure 14 shows these three averaged
error metrics as a function of 𝜃 and by 𝑆𝑡. From Figure 14a, it is clear that the ANN fails to predict the direction of
the acceleration vector. The average value of 𝛽 is no less than 45◦ for any value of 𝜃. The averaged values of 𝐸 and 𝜖
are remarkably similar, and suggest a peak around 𝜃 =45◦. This agrees with the plots of 𝐸 and 𝜖 previously shown
in Figures 5b and 5c, where the error peaked for flows with | tan(𝜃) | = 1. One possible explanation of this is that the
ANN trained on steady state laminar flows is unable to account for the time dependence of 𝐷u

𝐷𝑡
. Another more concrete

explanation can be related to the model sensitivity analysis presented in Section IV.B.2. Because the model is likely
over trained on the dependence of v, many of the observed directional and magnitude errors can probably be attributed
to this. Additionally, the errors 𝐸 and 𝜖 are shown to increase with 𝑆𝑡. This suggests that the non-dimensional data
scaling is not similar enough for the ANN to make a meaningful prediction.

Additionally, to understand how the directional error is distributed, Figure 15 shows histograms of 𝛽 by 𝑆𝑡. Figure 15a
suggests that the majority of ANN-predicted accelerations, a𝑁𝑁 , are orthogonal to the true particle acceleration a for
𝑆𝑡 = 0.05. For 𝑆𝑡 = 0.5 and 5, however, the majority of a𝑁𝑁 are closely aligned with the direction of a as shown in
Figures 15b and 15c. Each of these distributions also suggests a smaller peak around 𝛽 = 90◦. This secondary peak
could be observed because 𝑆

𝐽
and Ω

𝐽
are positive while the ANN were trained with positive and negative values of 𝑒 and

𝜔. Accordingly, multiple combinations of 𝑒 and 𝜔 collapse onto a single tuple of 𝑆 and Ω values in the louver flow
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(a) 𝑆𝑡 = 0.05 (b) 𝑆𝑡 = 0.5

(c) 𝑆𝑡 = 5

Fig. 13 Particle interaction with flow around louver.
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Fig. 14 Master ANN error metrics when applied to particle data extracted from flow around the single louver.
The blue, orange, and green lines correspond to 𝑆𝑡 = 0.05, 0.5, and 5, respectively.
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(a) 𝑆𝑡 = 0.05 (b) 𝑆𝑡 = 0.5 (c) 𝑆𝑡 = 5

Fig. 15 Distribution of 𝛽 by 𝑆𝑡 for particle data extracted from flow around the single louver. The bin widths
are 1◦.

(a) St=0.05 (b) St=0.5 (c) St=5

Fig. 16 Scatterplots of 𝛽 at the particle position x𝑝 by 𝑆𝑡 for particle data extracted from flow around the single
louver.

since the 𝑆 −Ω unit circle introduced in [2] is limited to the first quadrant (0◦ < 𝜃 < 90◦).

Now that the average and distribution of directional error 𝛽 has been characterized, it is of interest to understand the
relationship between 𝛽 and the particle position x𝑝 . Figure 16 shows how 𝛽 depends on x𝑝 by 𝑆𝑡. The general trends
indicate that the errors are higher near the inlet and near the top and bottom wall boundaries. As the particles approach
the louver geometry and pass over or under it, the errors appear to decrease. It is not surprising that the ANN cannot
predict the acceleration direction as well when near inlet, outlet, and wall boundaries because the canonical flows with
which the ANN was trained are formulated as continuous flow fields free of any wall boundaries. It should also be
noted that large errors are observed for those particles colliding with the louver or top/bottom walls. This is also not
surprising because the ANN is not trained in any way to handle collisions. It is worth noting some implications of this
formulation. For larger particles, the post-impact trajectory is driven primarily by the collision model. Since large
particles behave ballistically, the velocity of the particle immediately after impact mostly predicts its trajectory. Hence
ANN predictions show high accuracy in the post-impact region for the larger particles in Figure 16c, even though the
ANN was not explicitly trained with collision data. Small particles respond more quickly to the flow field, and as such
their post-impact trajectory will depend on both the collision model and the flow field. Hence lower accuracy was
demonstrated for the trajectory prediction of these particles post-impact. Future work could explicitly incorporate the
effect of collisions into the ANN formulation.
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VII. Conclusion
For laminar flow combining shear and vortex flows, the seven hidden-layer ANN presented in [2] was insufficient for
making meaningful particle acceleration predictions. This led to the formulation of a custom loss function presented
here that penalizes the ANN based on the 𝐿1 norm, or mean absolute value, of the normalized error vector 𝝐 =

a−a𝑁𝑁

| |a | | .
This loss function, along with manually limiting the learning rate 𝑙𝑟 allowed acceptable accuracy to be reached with the
training and validation data. However, the model was not found to be generalizable as it could not serve as a suitable
replacement for the acceleration governing equation. A model sensitivity analysis suggested that the ANN had been
over-trained on the dependence of v. The results from solving the governing equations with the ANN substituted for the
true acceleration agree with this.

Finally, the particle-laden 2D CFD simulations of channel flow around the louver geometry only reaffirmed that the
ANN is not generalizable in its current state. While the simulation results appeared to agree well with 𝑆𝑡 theory,
the ANN failed to accurately predict the acceleration using extracted particle data. However, for 𝑆𝑡 = 0.5 and 5, the
distribution of directional errors was most populated around 0◦. While this is encouraging, the distributions exhibit a
bi-modal distribution with a secondary peak around 90◦, entirely orthogonal to the actual vector. The highest errors in
the directional error prediction for any case appeared to be near the inlet or wall boundaries. This makes sense as the
canonical flows with which the ANN was trained have no features similar to these.

While the ANNs presented are shown to fit the highly redundant and simplistic data set generated in this work, they
are not generalizable. This could be implicitly because the training data fails to span the entire function space. The
model sensitivity analysis supports the idea that the model was over-trained on particle features at 𝑡∗ = 1.0, which is the
time at which all of the training and validation data was taken. Alternatively, it could suggest that the method of flow
decomposition presented here is fundamentally limited. In either case, further studies need to be conducted to elucidate
why the model does not generalize.
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