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1. Introduction

In flight ice accretion is a very relevant topic for both academia and industry. In the push for even more safe air
transport systems, the hazard posed by icing must be reduced to a minimum. Certification authorities require aircraft
manufacturers to prove their products can withstand operations in icing environments and require some kind of ice
protection and/or detection system on all air-worthy vehicles. This led to a very active research path for both the physics
behind ice accretion and its numerical simulation. Certification requirements are sometimes met by in-flight testing or
experiments in icing-wind tunnels, but are often proved via numerical simulation. Moreover, manufacturers are now
considering ice accretion early in their design cycle, making icing codes part of their design loop.

An aircraft flying through a cloud of super-cooled water droplets may be subject to mild or severe icing depending on
the atmospheric and flying conditions such as temperature, velocity, droplets diameter and water content in the cloud
(LWC). These droplets may freeze upon impact giving origin to rime ice, or adhere to the surface forming a liquid film
which can later freeze forming glaze ice. Most of the current ice prediction models originated from the early work of
Messinger [1] and later of Myers [2]. They proposed a method for predicting the layer of ice accreting on a surface by
solving a one dimensional Stefan problem [3] on control elements summing up to the entire surface. This cells are coupled
to each other via boundary conditions accounting for mass exchange. Examples of current numerical prediction tools
employing such models are LEWICE [4], ONICE [5], MULTI-ICE [6], PoliMIce [7], FENSAP-ICE [8] and ONICE3D [9].

The standard approach to simulating ice accretion uses a quasi-steady approach exploiting the different time-scales
at play. First the flow of air and water droplets is computed in order to obtain the amount of water mass captured by
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Nomenclature

Greek letters

a Droplets volume fraction [-]
B Collection efficiency [-]

" Viscosity [Pa s]

o Density [kg/m3]

Subscripts
d Droplet
f Fluid

Physical quantities

\' Local velocity vector [m/s]

Cp Drag coefficient [-]

d Droplet diameter [m]

g Gravitational acceleration [m/s?]
LWC Liquid water content [g/m?]

m Mass [kg]

MVD Mean volume diameter [m]

S Curvilinear abscissa [m]

t Time [s]

Too Freestream temperature [K]

Voo Freestream velocity [m/s]

A Elemental cell surface area [m?]
Re Reynolds number [-]

We Weber number [-]

the aircraft surface. Then, ice growth is computed and a new iced geometry is obtained. The process is repeated until the
total exposure time is reached.

As water droplets are responsible for the mass of water fueling ice formation, their deposition on the exposed surfaces
must be accurately predicted. Water deposition depends on the droplets trajectory, interaction with the flow field and
their behavior at the impingement location. This is especially true for super-cooled large droplets (SLD), which are water
droplets with a diameter larger than 50 wm. Due to their larger size, SLD can undergo deformation and breakup as their
relative velocity with respect to the surrounding air can be higher than that of smaller droplets. Also, the primary outcome
of impact with a solid surface is that of disintegrating upon impingement and depositing only a fraction of their mass on
the surface. Therefore, water droplets must be carefully simulated in order to account for all phenomena that may effect
the final ice prediction.

This work’s focus is on the computation of the dispersed flow of air and water droplets. Different regimes exist
identifying the type of coupling between particles and the carrier fluid [10]. The usual concentration of water droplets in
clouds [11,12], is such that only a one way coupling is active. In short, particle concentration is low enough not to modify
the carrier flow behavior. This is reflected in the way such dispersed flows are simulated: first the carrier fluid solution is
obtained independently, and then droplets trajectories are computed. The dispersed phase field can be obtained by means
of a Lagrangian or Eulerian simulation. If the Lagrangian formulation is employed, the overall solution method for the
particle laden flow is called Euler-Lagrange. The Lagrangian formulation for the dispersed phase is the standard approach
used in the ice-accretion field since it allows to easily treat first order effects such as droplet-wall interaction, as well as
second order effects like particle deformation and aerodynamic breakup. The main drawback of the Lagrangian formulation
is the amount of particles required to obtain meaningful results, which can be very large for 3D simulations. Examples
of existing Lagrangian codes are found in [4,5]. A second modeling option is the Euler-Euler description. By casting the
particles equations in the Eulerian frame, some limitations of the Lagrangian method can be avoided. These include long
computation times for 3D cases, difficulty in determining impingement limits and the initial seeding of particles. Some
limitations arise, first of them being the difficulty in accounting for splashing droplets, and the impossibility of dealing
with trajectory crossing. That considered, many codes where published employing the Eulerian description [13-15], each
implementing different strategies for solving the equations.

In aeronautical icing problems, the aim of particle tracking is to obtain the collection efficiency parameter § which
expresses the fraction of water mass (contained in the free stream) collected at a given location over the aircraft surface.
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Flow direction

Droplet flux tube

Fig. 1. Collection efficiency parameter B. Visual representation for a three-dimensional problem.

B is defined as the ratio of the cross section area of a droplet stream tube at the farfield to the area of impact on the body
surface, as reported in Fig. 1.

In this work we introduce a comprehensive set of algorithms for the computation of the collection efficiency 8. We
focus on both Lagrangian and Eulerian methods, and propose an hybrid strategy involving both. The Lagrangian approach
is presented highlighting the equations and algorithms involved. Focus is placed on the numerical solution of the problem
and on issues related to particle resolution and initial seeding. A finite volume solver for the droplets equations in the
Eulerian frame is also introduced. A relaxation formulation is used to obtain an approximate Riemann solver that allows
an upwind discretization of the convective terms. Both solvers are thoroughly tested via an extensive validation and
verification (V&V) campaign.

This paper is organized as follows. In Section 2 the Lagrangian scheme is introduced and properly verified. In Section 3
the Eulerian formulation is presented together with the numerical solution procedure. Again a proper verification test
is performed via the method of manufactured solutions. Section 4 reports the validation results consisting in replicating
the experimental collection efficiency measurements for both two and three dimensional cases. The work ends with the
conclusions in Section 5.

2. Lagrangian description

In the Euler-Lagrange approach to solving particle laden flows, the dispersed phase is handled by means of the Discrete
Parcel Method (DPM) [16]. Each particle, or parcel, represents a set of neighboring droplets and it is characterized by an
average velocity v, and an average diameter d,.

2.1. Models formulation

The trajectory of each parcel is reconstructed by numerically integrating the following differential equation

dv, m

™ T8

where (., Pair, Vair are the air local viscosity, density and velocity, Cp is the parcel drag coefficient and g is the
gravitational acceleration. Rej, is the particle’s Reynolds number computed using the relative droplet-flow velocity

HairdpRep (Vair - Vp) (O + %dgg (pp - pair) ) (1)

Pair |Vair - Vp| dp
Mair '

Note that water is far denser than air (p, > pair) [17] and that the only forces considered in the equation of motion (1)
are gravitation and aerodynamic drag.

Aerodynamic drag is modeled from empirical correlations for the drag coefficient Cp. The model takes into account
deformations deviating the particle shape from a perfect sphere. Such feature is fundamental to simulate the motion of
droplets of large dimensions. For spherical particles, the model by Morrison [18] is linked to that reported by Clift [19] at
Re, = 10 to best fit experimental data. For larger droplets, their deformation is modeled as a linear transition between
a spherical shape and a oblate disk. The parameter governing the deformation is the eccentricity, which is a function of
the Weber number f = (1 + 0.07+/We)~®, see [20]. The Weber number We expresses the magnitude of the aerodynamic
forces relative to the surface tension of a droplet o,:

(2)

Re, =

Ppdp |Vp - Vair|2
We= ————| (3)
Op
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The drag coefficient of the deformed droplet can be obtained as a weighted average of that of a rigid sphere and that of
a disk:

= {(1 — F)Cosppere + fCopig  if We < 12

4
Copige if We > 12 )

where the disk drag coefficient is reported in [19].

In aeronautical icing applications, the impingement of a droplet against a solid surface can result in three different
outcomes [21], namely stick contact, rebound and splash. For stick contact, the particle adheres to the wall upon
impingement. This happens with some degree of deformation for the impacting droplet, so that it is possible for the
particle to spread over the surface in the vicinity of the impact location. Rebound and splash mechanisms instead lead to
the re-emission of some or all of the droplet mass in the air flow. For rebounding droplets, at modest impact velocities,
a thin film of air can get trapped between the droplet and the wall causing it to bounce right off the surface. Splashing
droplets on the other hand, disintegrate upon impact and a liquid sheet is ejected, leading to the formation of a secondary
group of droplets. The total ejected mass is a fraction of the initial droplet mass and increases as the impact velocity
increases.

The modeling of the droplet-wall interaction upon impact is of paramount importance as it allows to accurately
estimate the amount of water collected over the surface, to ultimately evaluate the thickness of the resulting ice layer.
The occurrence of a particular mechanisms depends on many parameters such as the characteristics of the droplet (size,
density, viscosity, surface tension), its impact velocity and impact angle, and the properties of the surface.

To describe the problem different dimensionless numbers are used, such as the Weber number and the Ohnesorge
number defined as:

Oh=_Ht»__
Vo opdp
expressing the ratio of viscous forces to the product of inertial forces and surface tension. The strategy adopted is that of
completely switching off the rebound model and considering bouncing as a special case of splashing, when only one
secondary droplet is formed and no water is left on the wall. This choice is consistent with the scientific literature
concerning the wall interaction problem, as many authors [22] identify only two results of the impingement: deposition
and splashing. The model adopted is that employed in LEWICE [23]. In the following a brief overview of the model is
reported. The parameter governing the outcome of the model is the dimensionless splashing number

_0.859VK (28)" "

(5)

LWC
sin %—1‘25

where £ is the droplet incidence angle, defined between the surface tangential direction and the particle impact velocity.
K = Oh Re;'25 is the Mundo parameter. A droplet splashes if K; > 200. This formulation considers two splashing regimes
to comply with experimental observation. The Mundo parameter K is proportional to the normal impact energy, linking
the normal impact velocity with splashing phenomena. A second splashing regime is observed at low incidence angles
&, defined as the complimentary of the angle between the droplet velocity and the surface normal. At low incidence, the
normal impact velocity is not high enough to activate the condition on the Mundo parameter; nonetheless splashing can
still be observed in this case. What happens is that the droplet does not spread much on the surface and a part of the
particle is not attached to the wall during the impact. Hence, the tangential kinetic energy is not efficiently dissipated by
the viscous forces and the liquid droplet may partially or completely bounce off the wall. The denominator of K; considers
this second regime by increasing the splashing parameter with a decrease of the incidence angle.

If the above conditions is satisfied, the fraction of mass that is reintroduced in the flow field, expressed through the
mass loss coefficient @, is computed as:

m
® = s — 07(1 _ siné) [1 _ 6_040092026(KL—200)] (7)

myp
The size of the splashing particles is computed as:

d; = 8.72 d, e 00281K (8)

(6)

L

The splashing droplets velocities are computed as:

{u,,s = Uy, (0.3 —0.002 &)

- (9)
U = Uy, (1.075 — 0.0025 &)

where the s refers to the splashing particle, 0 the impinging one; n and t are respectively the normal and tangent
component of the velocity vector.

As stated in the introduction, the final objective of particle tracking is that of computing the collection efficiency. For a
uniformly distributed cloud, it can be computed as the ratio of the local surface collection density i.e., the mass of water
collected at a given location per unit surface (or per unit length), w.r.t. the nominal cloud front density.
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Fig. 2. Algorithm used in this work to get the owner cell during time integration. Intersections are computed between the particle trajectories and
the faces of the current owner cell (here in yellow). If a valid intersection is found, the neighboring cell is queried until the new owner is found
(green triangle).

2.2. Algorithms

In order to integrate the particles trajectories one has to first compute the carrier fluid solution (namely the velocity,
density and viscosity) at the particle current position. Due to the different description employed for the continuous
(Eulerian) and the disperse (Lagrangian) phases, the corresponding solution variables are not known at the same locations,
but need to be interpolated accordingly. This interpolation step is the main building block of every (Lagrangian) particle
tracking code. Since the flowfield solution is defined over the computational mesh, first the particle position needs to
be localized in the grid. This localization step has the aim of finding the mesh cell that contains the particle, in order to
properly perform the interpolation. Different strategies exist in literature, namely methods that make use of Cartesian
support grids, tree based search and known-vicinity algorithms. Due to the evolution nature of the particle tracking
problem, where particles are integrated from one position to the next many times, known-vicinity algorithms are the
most widely employed for unstructured meshes. In short, information about the previous location of the particle is used
to find the cell containing the new position. In Lagrangian particle tracking such algorithms are extremely efficient due
to the on average short distance traveled by particles at a given time step. Our implementation of the known vicinity
algorithm computes the intersections between the ray starting from the current particle position in the direction of the
new position and the faces of the current cell being tested (Fig. 2). It starts with the cell containing the start position, if the
intersection distance is greater than the path the particle needs to travel, then the new position is in the cell containing
the previous one. Otherwise the mesh connectivity is used to fetch the cell on the other side of the intersected face,
and the procedure is repeated until the new cell owner is found. This algorithm allows to identify intersections with
the boundaries unambiguously, which is of paramount importance for computing the collection efficiency. The algorithm
needs careful thought in the way it is implemented in order to avoid some possible problems. First, round-off errors
in computations can lead to failure of geometric predicates like the ones used to compute the ray-face intersections. In
our case it means losing particles during the localization step. In the present work, this is avoided by computing the
intersections using arbitrary precision algebra. Filtered predicates are used to perform computations adaptively in order
to adjust the precision of number types when needed [24]. This allows to keep the computational overhead manageable.
The second problem is the use of hybrid grids. These may contain elements with quadrilateral faces, which are often
non planar and need to be properly handled. One possible solution is that of computing the actual ray-bilinear patch
intersection, the other is to split each face in two triangles which is less computationally expensive. The latter approach
is adopted here. In order to split quadrilateral faces consistently on both sides, face splitting is done by selecting the
diagonal starting from the vertex with the lowest global id. This avoids the problem of gaps forming in between cells
sharing a quadrilateral face not split consistently.

Once the owner cell is known, the fluid solution can be interpolated to the particle position. In the node-centered
finite volume approach considered here, the solution is defined at grid vertices and different strategies are available for
interpolating nodal values to the interior of an element. One solution would be using the cell nodes to perform an inverse
distance weighted interpolation, which works well for hybrid grids since it does not depend on the element type. The other
option is to use linear (for simplex elements) or non-linear (for non-simplex elements) interpolation. The former method
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is simpler but the reconstructed field is not continuous across cell faces, which we found being extremely important
for the convergence of the collection efficiency with the number of particles. The latter method allows to reconstruct a
continuous field but can be expensive for non simplex elements since it requires solving a non-linear system of equations
to invert the interpolation functions. In this work, the strategy adopted is to perform the interpolation by subdividing
each element in triangles or tetrahedra and to use barycentric coordinates to perform a linear interpolation. This allows
to retain the mentioned benefit of shape function interpolation avoiding the cost for non simplex cells. The subdivision is
done online only for the interpolation step and done so to always have a conformal grid. The subdivision of elements is
done only based on the ids of the vertices and it is consistent with the quadrilateral faces subdivision used in the tracking
algorithm [25].

2.2.1. Parallelism

One way coupled particle tracking is, ideally, an embarrassingly parallel task. To take advantage of the available
computational power of modern machines, an hybrid MPI-OpenMP approach is employed. At the higher level, standard
message passing interface is used to achieve parallelism via domain decomposition. This allows to run simulations on large
grids, where the data structure for the mesh and particles cannot fit in the memory of a single machine. Balancing the
computational effort of Euler-Lagrange formulations is no easy task. In standard Eulerian descriptions, the computational
cost is proportional to the number of vertices/elements of the mesh, while communication costs are proportional to cut
edges. Therefore standard mesh partitioning tools subdivide the domain by ensuring a similar number of nodes in each
partition while trying to minimize the number of cut edges. In particle tracking applications instead, the computational
cost is proportional to the number of particles currently associated to a given domain partition while the number of mesh
nodes only adds to the memory footprint. In the target application of this work (i.e. the computation of the collection
efficiency for simulating in-flight ice accretion), particles occupy only a small subset of the whole domain, making
balancing an even harder task. In this work the problem is tackled in a two step procedure. First the mesh is partitioned
using the standard (i.e. Eulerian metric) approach, and a preliminary particle tracking simulation is performed with a
relatively small number of droplets. As these particles are tracked in the domain, their owner cells are tagged and a positive
weight is assigned to them proportional to the number of particles that pass through them during the computation. Cell
weights are then mapped to the mesh nodes, and the mesh is re-partitioned according to the updated weights. Additional
information and scaling properties of this mesh re partition strategy can be found in Ref. [26]. Inside one sub-domain,
each particle can be tracked concurrently since their trajectory does not depend on other droplets trajectories. Leveraging
the multicore architecture of modern CPUs, each MPI process can spawn as many threads as there are cores available.
Each thread takes care of a dynamically selected batch of particles.

2.2.2. Collection efficiency computation and particle resolution

For the computation of the collection efficiency, clouds are represented as a single front initially injected at an arbitrary
distance in front of the aircraft, see Fig. 1. This distance is set so that droplets are traced starting from an unperturbed
region of the domain and so that the computational burden related to the trajectory time integration, proportional to
the integration length, is reasonable. In three dimensional problems, this front consists of a two-dimensional layer of
droplets uniformly distributed over a plane oriented perpendicularly to the free stream direction. In a two-dimensional
setting the layer degenerates into a straight line normal to the mean flow direction. In practical applications, clouds are
poly-dispersed. In ice accretion applications, usually particles are treated as mono-dispersed, with a diameter set equal
to the cloud Median Volume Diameter (MVD) i.e., the diameter corresponding to the median value of the distribution
characterizing the size of droplets contained in the cloud.

By integrating the equation of motion numerically it is possible to reconstructs the trajectory of each droplet from its
initial position, at the cloud front, to its impinging point over the aircraft surface. As mentioned, the collection efficiency
at each surface element i can then be obtained as

b= m

" A LWC
where LWC is the computational cloud liquid water content obtained as the ratio between the total cloud mass and the
area of the injection front. The value of 8 strongly depends on the number of particles. Moreover, we are not interested in
particles not impinging the aircraft surface, since we would rather simulate particles that contribute to the computation of
B. Therefore, the seeding and resolution of the injection front is a delicate task. In order to alleviate this task an automatic
cloud front adaptation was developed. A uniform grid is constructed having its vertices at the particles injection position.
The particle grid is made of line elements for 2D cases, and quadrilateral elements for 3D computations. Successive
simulations are performed, refining each element if at least one of its particles hit the target surface. The computation stops
automatically when the difference in norm L2 of two successive § calculations falls below a user supplied threshold. Since
the formula used for computing B requires a uniform mass distribution on the injection front, each parcel’s population
size (i.e. the number of actual droplets that are represented by the parcel) need to be adjusted to guarantee a uniform
LWC distribution. This is achieved by computing the dual area of each vertex in the particle mesh (in analogy with the
area of dual cells used in median-dual node centered finite volume schemes) and obtaining the parcel population size by
dividing its area with the particle mass (the result is multiplied by a target LWC in order to obtain a pure number). The
mass to sum in the expression for beta becomes the population size n, times the mass of the single particle m,,.
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Fig. 3. Convergence of the interpolation against the grid size. Left: unstructured 2D grid. Right: unstructured 3D grid.

More accurate representation of the particle size distribution can be taken in to account by subdividing the droplets
diameter PDF in bins. For each bin the MVD can be computed and a mono-dispersed particle tracking simulation can be
run. The total collection efficiency can then be computed as the weighted sum of the 8 of each bin. This is the standard
way of simulating poli-dispersivity for the computation of the collection efficiency in in-flight ice accretion.

2.3. Verification

Being at the heart of the particle tracking code, the localization algorithm and the interpolation need to be extensively
verified before proceeding with a proper code validation in order to discover possible implementation mistakes. Two
verification tests are performed. The first deals with the localization and interpolation routines. One thousand particles at
random positions are initialized inside an unstructured mesh and an analytical function known at the nodes of the grid
is interpolated to the particle locations. The chosen function is

f(x,y,2) = cos(xy)eio + 0.3(x% + y* + 22) (10)

The test was performed on both a two and three dimensional mesh and the results are reported in Fig. 3. The error of the
interpolation is plotted against the spacing of the mesh, showing the theoretical order of convergence for the ¢, ¢, and
{~ norms.

A second test was performed in order to verify the time integration algorithm. A particle in the Stokesian regime is
injected with zero initial velocity in a one-dimensional accelerating flowfield such that uy = x for 3.5 s. The simple form
of the flowfield and of Stokes drag, in addition to neglecting the gravity term, allows to solve the equation of motion
of a particle analytically. It is then possible to compare the computed final position with the exact one and plot the
convergence curves in Fig. 4. Here the convergence of the time integration implicitly depends also on the integration and
localization routines employed. Achievement of the expected order of convergence is treated as a proof of verification of
the full particle tracking algorithm.

3. Eulerian description

If the number of particles in each computational cell is high enough [17], they can be described as a continuum and
their equations of motion can be cast in the Eulerian framework. This allows to use many of the standard tools developed
for CFD, and avoids having to deal with the carrier and dispersed phases being known at different points.

3.1. Model equations

As for the Lagrangian description, the hypothesis of one-way coupled flow is made and therefore the carrier fluid
equations remain the same and can be solved as usual. In conservative form the particles equations can be written as a
function of the volume fraction « and the particle’s momentum av,

{iaw +V - (avy) =0

(11)
% (avp) +V. (avp ® vp) = afy
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Fig. 4. Convergence of time integration of the Lagrangian implementation. 2D unstructured grid with forward Euler time integration (FWE) and a
second order Runge-Kutta scheme (RK2).

The hyperbolic part of the above system is known as pressureless gasdynamics (PGD), due to its resemblance to the Euler
system without the pressure term in the momentum equation. The PGD system is notoriously non strictly hyperbolic,
which makes it hard to develop upwind schemes since its Jacobian matrix is non diagonalizable. This complicates stuff
for solving the equations in a finite volume framework. A technique recurrent in literature is that of making the equations
strictly hyperbolic by adding a pressure like term in the momentum equation and subtracting the same term as a source
on the right hand side. An example of this approach is reported in Ref. [27]. A similar approach is taken in this work. A
relaxed version of the PGD system [28], is solved in order to have a strictly hyperbolic system of equation. A new primitive
variable 7 is introduced and the system is augmented as:

% (@) +V. (Ole) =0
2 (avy) +V - (av, ®V, + 7l) = afy 12)
% (amr) +V- (anvp + czvp) = —Aam

where A is the relaxation rate. This relaxed system has the advantage of having all eigenvalues linearly degenerate (all
waves are contact discontinuities), thus making the solution of the Riemann problem straightforward. The modified
system (12) is used to derive an approximate Riemann solver for the original PGD Egs. (11). A splitting scheme is employed.
Starting from the solution at time t,, the intermediate solution is obtained by solving system (12) for A = 0. The solution
at time ¢, is obtained in a second step by solving the system of ODE

#@=0

at

3 () =0 (13

il —
5 (@) = —ham

for the relaxation rate going to infinity. This results in keeping the volume fraction and momentum unchanged and in
setting 7t = 0, which if substituted back into the relaxed system yields the original PGD equations. It can be seen that the
zero pressure space in the limit of infinite relaxation rate, is stable in the sense that for initial data with zero pressure,
the solution naturally evolves with zero pressure [29]. The original work in Ref. [28] proves that in 1D a Godunov method
for the presented scheme is total variation diminishing and strictly positive for some mild conditions on the relaxation
parameter c. In this work, the presented scheme is implemented in a FV framework. The Eulerian particle tracking
equations are discretized using the vertex-centered finite volume method with a standard edge-based data structure on
a median-dual grid. The convective fluxes needed in the first step of the splitting are discretized using a limited second
order MUSCL reconstruction with the Venkatakrishnan slope limiter. The Riemann problem is solved at each edge to
compute the fluxes. Source terms are approximated at each node using a piecewise-constant reconstruction within each
control volume. Gradients are obtained via a weighted least-squares method. A time-marching approach is used to drive
the system to steady state using an implicit Euler scheme. Local time stepping and automatic CFL adaptation coupled with
under-relaxation is employed to accelerate convergence. Boundary conditions need to be imposed on the farfield and on
the solid surfaces. In this work, boundary conditions are enforced in a weak sense by computing the proper boundary
flux. At the farfield, a standard characteristic based condition is enforced. At solid surfaces, the boundary condition must
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Fig. 5. Boundary conditions are imposed at the wall in a weak sense. In control volume ¢! symmetry is imposed by reflecting the velocity vector.
On ¢’ the boundary flux is computed using the solution at the boundary node.

Fig. 6. Analytical solution used for the verification studies of the Eulerian particle tracking solver. Left: particle velocity in x direction. Right: droplet
volume fraction.

allow for droplet impingement and should not inject any mass in the domain. The imposed condition changes according
to the direction of the droplets velocity with respect to the surface normal, see Fig. 5. If the velocity is pointing towards
the surface, then an outflow condition in imposed. Instead if the velocity is pointing towards the computational domain,
symmetry is enforced to obtain a slip condition.
The collection efficiency can be computed as
g = avp-n
LWCoo Voo

Poly-dispersed clouds can be accounted for in the same way as done for the Lagrangian particle tracking, i.e. by subdividing
the droplets size PDF in different bins and running a simulation for each of them.

(14)

3.2. Verification

The presented scheme was subject to a similar Verification procedure as done for the Lagrangian solver. The method
of manufactured solutions is used to obtain an exact solution to system (11). An analytical expression for the conservative
variable made of trigonometric and exponential terms (Fig. 6 shows the expression for the volume fraction and the first
component of the velocity) is substituted in the system. Residual terms are used as sources to drive the solution to the
imposed exact expression. The modified system is solved varying the grid spacing (both for structured and unstructured
meshes) to obtain the convergence plots of Fig. 7 in L2 norm. The plot shows that the scheme is first order when the nodal
values are used to solve the Riemann problem, whereas a linear reconstruction of the interface values, yields a second
order scheme as expected.

3.3. Dealing with secondary droplets

Secondary droplets, namely those created as a result of splashing, can have a large impact on the catch efficiency as it
will be shown later in the validation section. In the Eulerian formulation, treating those droplets is not as straightforward
as it is for the Lagrangian approach. The outcome of the splashing model is the re-injection of new smaller droplets in the
computational domain. The size of secondary droplets depends on the impact angle of primary droplets and therefore it is
different for every point of the surface. Since the Eulerian formulation deals with a mono-dispersed spray, accounting for
splashing droplets as done for the primary ones would be computationally prohibitive, and would require the specification
of a boundary condition that depends on the surface location. In this work, an hybrid strategy is employed, for which
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Fig. 7. Convergence of the FV scheme for the Eulerian droplet solver. Left: L2 norm of the error of the droplet volume fraction. Right: error of the
particles x momentum.

secondary droplets are tracked using the Lagrangian approach. The total collection efficiency at a certain point on the
surface is therefore computed as the sum of the Eulerian catch efficiency (possibly of every bin if a poly-dispersed
characterization of the spray is used) plus the additional Lagrangian re-injection collection efficiency.

4. Validation results

The particle tracking solvers presented are now validated against multiple experimental results. The carrier phase
solution for both the Lagrangian and Eulerian implementations is obtained by solving the Reynolds Averaged Navier-
Stokes equations by means of a vertex centered second order FV scheme [30]. The convective fluxes are obtained by a
standard Roe scheme, whereas viscous fluxes are computed using the corrected average of gradients approach. Effect of
turbulence on the mean fields are accounted for by the SST model [31].

4.1. Two dimensional impingement on a NACA23012 model in SLD conditions

The code developed was used to replicate the collection efficiencies obtained during an experimental campaign
conducted by NASA Glenn [32]. Their work aimed at providing the first extensive impingement database for SLD as well
as smaller droplets. The collection efficiency was measured on a NACA23012 straight wing model installed at the NASA
Glenn Ice Research Tunnel. The experiments were conducted at a total air temperature of 283 K and an air speed of
78 m/s, corresponding to a Reynolds number of approximately 5.25 million per meter. The model used had a chord of
91.44 cm and was mounted with an angle of 2.5 degrees with respect to the incoming flow. The collection efficiency
was measured for MVDs of 20 pm, 52 wm, 111 wm, 154 wm and 236 pwm. For both solvers, an hybrid mesh of around
100 thousands cells was used for the computation. Such grid was chosen as to get a numerical result of the carrier flow
that is independent on the mesh resolution. For the Eulerian solver, the sparse system obtained from the discretization
introduced in Section 3, is solved using the generalized method of residuals coupled with a standard incomplete lower
upper (ILU) preconditioner. The pseudo in time problem is solved until the L2 norm of the residual of the volume fraction
equation drops below the value of 10~'°, Computation using the Lagrangian solver was done until the difference in norm
L2 of two successive g iterations reaches the value of 1078, which accounts for a total of around 200 thousands particles.
Fig. 8 presents the computed and measured values of 8 for an MVD of 20 um, 111 wm and 236 pwm against the curvilinear
coordinate originating from the airfoil leading edge. For all tested MVDs, the solver is able to remarkably predict the
experimental results. Comparison is satisfactory both for the maximum value of the collection efficiency, although being
slightly overestimated for the 111 wm droplets, and for the prediction of the impingement limits, the latter being very
important since it is strongly correlated to the surface subject to ice accretion. A slight underestimation of the wetted area
can be noted for the 20 wm droplets case. To the authors knowledge this may be attributed to uncertainties in the nominal
values of the experimental conditions. A previous work [33], showed that uncertainties in the operating conditions can
lead to some variability of the collection efficiency especially near the suction side impingement limits. Fig. 9 shows the
volume fraction and the trajectories of 52 wm droplets around the naca23012 model computed with the Eulerian solver.
The Eulerian formulation is able to properly represent the shadow regions appearing past the impingement limits on the
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Fig. 9. Volume fraction field and droplet trajectories for the NACA23012 52 pm case.

wing that are characterized by the absence of particles. In then Eulerian solution, no-particle regions are in fact very low
volume fraction regions due to numerical viscosity of the scheme.

The presented results are obtained by tracking a poly-dispersed cloud as explained in Section 2. The droplets size
distribution of the spray was measured in the experimental campaign and reported as a discrete 10 or 27 bin distribution.
Fig. 10 shows the effects of the different size discretizations on the 20 wm MVD case. With the finer characterization of
the spray, the computed 3 better agrees with the experimental data. The effect is that of diffusing the value obtained with
the mono-dispersed description to obtain a lower maximum value and more extended impingement limits. No sensible
changes are noticeable between the results obtained with the 10 and 27 bin distributions.

The computational cost of the methodologies presented is briefly discussed for the computation of 8 on 2D geometries.
The cost is assessed on the computation of the collection efficiency for a spray of 20 wm MVD discretized using a 10 bin
distribution. The simulation wall time was measured on a PC equipped with an Intel i7-8700 CPU and 16 GB of DDR4
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Fig. 11. Computational time for the multibin computation of the collection efficiency on a NACA23012 airfoil. Normalized wall time vs. droplets’
diameter. The time to compute each bin is normalized by the wall time of the first diameter in the discrete distribution. Ty is 3.3 and 12.5 s for
the Lagrangian and Eulerian implementations, respectively. 20 um MVD case.

memory. Simulations are run in parallel on all the available cores of the CPU. The Eulerian computations are parallelized
via domain decomposition and the MPI library. The embarrassingly parallel nature of the Lagrangian implementation is
exploited by tracking particles concurrently via the OpenMP library. Fig. 11 reports the wall time to simulate each bin
in the spray distribution normalized by that of the smallest diameter in the discrete distribution Ty. Tp amounts to 3.3 s
or the Lagrangian methodology, and 12.5 for the Eulerian implementation. The time to solution is approximately 4 time
faster with the Lagrangian code. The computational cost of each bin in the Eulerian frame does not show any dependency
on the droplets size, whereas a linear relationship is observed for the Lagrangian computation. The increase in the solution
time using the Lagrangian approach s due to its cost being proportional to the impinged surface area, which is larger for
larger droplets. This aspect make has a large influence on the simulation cost for 3D configurations, as will be show in
the following sections.

4.2. Droplet impingement on a horizontal tail

This validation case presents the seeding front adaptation of the Lagrangian algorithm and compares the Eulerian
and Lagrangian collection efficiency prediction against experimental data on a 3D geometry. Droplet impingement was
measured on a horizontal swept tail at the NASA IRT facility [34]. The tail model was mounted in the wind tunnel with
an angle of attack of 6° in an airflow at Mach 0.23, temperature of 280 K and pressure of 95 147 Pa. Tests were run
for a spray MVD of 21 pm and 92 wm. For second case, the collection efficiency was computed by approximating the
impinging cloud as a mono-dispersed spray with diameter equal to the case MVD. The smaller MVD spray was instead
discretized using a discrete 7-bins Langmuir-D distribution.

Fig. 12 reports the quad-tree like mesh used in the adaptive droplet seeding algorithm. Initially droplets are injected
uniformly on a plane at a distance of 3 chord lengths from the model leading edge. Droplets are added incrementally
by refining the seeding mesh as explained in Section 2. The distribution of the initial seeding points is isotropic in order
to mimic the surface mesh at the impingement location. For an anisotropic target surface, an anisotropic initial seeding
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Fig. 13. Comparison of the Eulerian and Lagrangian collection efficiency algorithms against experimental data for the horizontal tail case. MVD of
21 pm.

plane should instead be used for optimal convergence of the collection efficiency. For the 21 wm case, the computation
stopped at the 7th refinement level due to a residual on the 8 difference lower than 10~°. The total number of droplets
tracked is 1613 024. In order to obtain the same accuracy on the collection efficiency, a uniform seeding of the droplets
would have required 12 134 913 particles, which amounts to an almost ten fold increase in computational time. Similarly
for the 92 pwm MVD, target residual was reached at the 7th iteration with a total number of tracked droplets of 5339 953.
The quite large difference with respect to the number of trajectories needed for the smaller MVD case is due to the larger
impingement area of the larger droplets. Nevertheless, the number of particles needed is still substantially lower than
those needed for a uniformly refined cloud.

Figs. 13 and 16 show the comparison of the Eulerian and Lagrangian solvers against experimental data. Data was
sampled at station placed 37 inches off the wind tunnel floor. As before, Eulerian and Lagrangian results match remarkably
well. For the 21 pm case, comparison with the experiment is again satisfactory. Impingement limits are well captured
both on the suction, where 8 presents a strong discontinuity, and pressure sides, where most of the impinging mass sticks
to the tail. A small over prediction of the peak of § is again noticeable. Fig. 14 gives a glimpse of the particles volume
fraction field. A large shadow zone is noticeable behind the whole tail. Particles are also centrifuged away from the vortex
core that sheds from the tail tip. An additional step of the Lagrangian refinement procedure was performed in order to
asses convergence of the computed collection efficiency. Fig. 15 compares the 8 along the measurement section obtained
with 6.4 and 1.6 million trajectories, showing an almost complete overlap.

The computation was performed also for the larger droplet case and is reported in Fig. 16. Here a larger discrepancy
can be seen with respect to the experimental measurements. Impingement limits are well captured on both sides and the
value of B8 on the pressure side tail is also accurately computed. Differences can be seen past the bulk of the collection
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Fig. 16. Comparison of the Eulerian and Lagrangian collection efficiency algorithms against experimental data for the horizontal tail case. MVD of
92 pm.

efficiency on the pressure side between curvilinear coordinates of 0 and 0.1 m where S is underestimated. This result is in
line with the output of the 1st AIAA Ice Prediction Workshop where diverse numerical code produced similar discrepancies
at the tail. To the authors knowledge this is due to the splashing model employed.

The computational cost of the two methodologies is assessed on the computation of the collection efficiency for the
21 um case. MVD discretized using a 7 bin distribution. The simulation wall time was measured on a PC equipped with
an Intel i7-8700 CPU and 16 GB of DDR4 memory. Simulations are run in parallel on all the available cores of the CPU.
The Eulerian computations are parallelized via domain decomposition and the MPI library. The embarrassingly parallel
nature of the Lagrangian implementation is exploited by tracking particles concurrently via the OpenMP library. Fig. 17
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reports the wall time to simulate each bin in the spray distribution normalized by that of the smallest diameter in the
discrete distribution Ty. To amounts to 150 s or the Lagrangian methodology, and 79.3 for the Eulerian implementation.
The outcome of the analysis is opposite of the 2D results. The Eulerian approach allows a much faster time to solution,
especially for larger diameters. The figure reports the wall time per bin of the Eulerian and Lagrangian computations on
the full horizontal tail and that of the Lagrangian for the evaluation of 8 on a 10 cm span-wise section of the geometry. As
per the 2D computation, the Eulerian approach does not show a strong dependency of the computational time with the
size of the droplets. The full simulation of 7 distinct particle sizes, takes under 10 min on the machine presented above.
The same computation with the Lagrangian approach takes almost 6 hours on the same hardware. The cost dramatically
increases with particle size. The cost to compute the larger droplet size, equal to 46.62 pm, was almost 40 times that of
the smaller size of 6.5 wm. The Lagrangian approach is instead a competitive alternative if 8 is only needed on a portion of
the target surface. The figure shows also the wall clock time for this case, where the collection efficiency is only computed
on a 10 cm thick span-wise section of the tail. In this configuration the result is obtained in around 17 min, making the
cost comparable to that of the Eulerian counterpart.

4.3. Secondary droplets effects on a high lift device

Ref. [34] reports collection efficiency measurements for SLD droplets on an high lift system made of three lifting
surfaces: a slat, a main wing and a flap. Experiments were conducted at NASA IRT facility for MVDs of 92 yum on a 91.44 cm
chord model at 4° angle of attack in a flow of air with velocity 78.2 m/s, temperature 278 K and pressure 95 630 Pa. This
case, also part of the AIAA Ice Prediction Workshop, was selected in order to showcase the effects of secondary droplets
coming as a result of splashing on the final value of . In the previously presented results, particles only impinge on a
restricted region near the leading edge and secondary droplets are advected downstream without ever impacting again
on the model. On the high lift device instead, particles splashing on the slat element can impact on the rear elements
increasing the total catch efficiency. Also, the more complex flowfield makes for a more interesting simulation, with SLD
droplets being in a large velocity non equilibrium with the air due to the locally high curvature of the flow streamlines
Fig. 18.

The hybrid Eulerian-Lagrangian algorithm is compared to the fully Lagrangian implementation on the prediction of
the collection efficiency. Simulations were performed using a poly-dispersed spray. The cumulative LWC distribution is
reported in Fig. 19, highlighting the 27 diameters values that were sampled to perform the simulations.

Lagrangian calculations were run with a tolerance on 8 of 107>, For the case at MVD 92 wm this amounts to tracking
just 20000 particles for the first LWC bin but almost 5 million for the last bin. The large number of particles required,
is due to the larger impingement area compared to a standard single element wing and also to the secondary droplets
that impinge again on the rear elements as it is clearly shown in Fig. 18. The Lagrangian re-injection step in the hybrid
Eulerian-Lagrangian computations was performed by injecting n particles along each boundary face where splashing
happens.

Fig. 20 shows the computed collection efficiency on slat, main wing and flap. The curves shown in the plot represent
computed with the Eulerian and Lagrangian solvers both with and without accounting for the secondary droplets. On the
slat portion of the high lift device, splashed droplets have no influence on the final 8 as can be seen from the overlapping
curves in the plot. Re-injected droplets are advected downstream and do not impinge again on the leading edge lift
device. Both Eulerian and Lagrangian computations accurately predict the experimental collection efficiency throughout
the whole surface.
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Fig. 19. Droplet size cumulative distribution for the 92 pm MVD case of the three element airfoil.

On the main element the collection efficiency is grossly under estimated. There is a quite large contribution due to
secondary droplets near the stagnation point and for negative values of the surface coordinate but that is not enough
to compensate for the missing mass. Again, Eulerian and Lagrangian results are in great agreement. Differences between
prediction and experimental results may be caused by the relatively complex flowfield of this case. In the region near the
main wing stagnation point, large non-equilibrium in the droplet and air velocities may lead to aerodynamic instabilities
and droplet breakup, a phenomenon that is not modeled in the present work. Another reason could be the large turbulent
nature of the flow, especially in the vicinity of the shear layer that separates at the slat leading edge. Turbulence effects
on the particles are modeled only implicitly via the mean aerodynamic field. An explicit modeling of droplet-turbulence
interaction, for instance via semi-empiric particle eddy interaction models, may be beneficial for improving the prediction.

On the flap the numerical simulations are remarkably accurate. The impingement limits and peak of beta are well
predicted, and most of the mass on the pressure side is also captured. Here, the effects of secondary droplets are clearly
noticeable as they allow to recover the missing mass at the stagnation point and on the pressure side.
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Fig. 20. Comparison of the Eulerian and Lagrangian collection efficiency algorithms against experimental data for the three element airfoil case. Top
left, top right and bottom figures refer respectively to slat, main wing and flap. MVD of 92 pum.

5. Conclusion

In this work, Lagrangian and Eulerian algorithms for computing the collection efficiency in in-flight liquid icing
applications are presented. Both approaches allow for the use of unstructured body fitted grids thus allowing computations
on complex three dimensional geometries. A Lagrangian algorithm is presented together with an AMR implementation
for solving the initial seeding and resolution shortcomings of Lagrangian methods. Arbitrary precision arithmetic is
used in geometric computations to achieve robust tracking algorithms. The Eulerian FV approach presented allows
to easily reuse standard CFD data structures and tools such as linear solvers, convergence acceleration methods and
parallelization strategies since the system is cast in a conservative form. The problem of treating secondary splashed
droplets is solved by tracking these particles using the Lagrangian implementation. Verification tests are performed to
assess the correct implementation of the algorithms prior to presenting the validation results. The comparison against
experimental collection efficiency data, shows that the presented algorithms are capable of predicting the water catch
efficiency correctly for diverse conditions, small and SLD droplets, and geometries.

Tests on a NACA23012 airfoil highlighted no particular lack of the present methodology due to the simple geometry
and flow conditions. On the three dimensional impingement on a horizontal tail, the splashing model employed predicted
an excessive mass loss for the 92 pm case. On the more complex high lift device simulation, results are encouraging
on the front and rear surfaces, whereas the collection efficiency on the main element is largely underestimated. This
highlights the need of additional investigation in splashing ad physics models for three dimensional geometries and
complex configurations.

In every test performed, the Eulerian formulation yielded results that are in complete agreement with the Lagrangian
implementation. This justifies the use of the Eulerian approach in large three dimensional cases where § is needed on
large surface areas which would require a prohibitively high number of particles with the Lagrangian method, as shown
in the numerical experiments. The Lagrangian approach is still attractive due to the ease of testing new models and
adding additional effects that were neglected in this work, such as lifting forces, breakup, and turbulent dispersion. Also,
it can be used to compute the collection efficiency on a subset of the whole geometry, thus allowing the use of a smaller
computational domain.

The V&V effort reported in this paper is a much needed step towards current and future work in ice accretion
physics and modeling. Current efforts include, but are not limited to, novel droplet-wall interaction models, parallelization
approaches for particle laden flows, virtual certification of aircraft and helicopters and uncertainty quantification analysis.
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