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Abstract In an effort to better represent aerosol transport in mesoscale and global-scale models, large
eddy simulations (LES) from the National Center for Atmospheric Research (NCAR) Turbulence with
Particles (NTLP) code are used to develop a Markov chain random walk model that predicts aerosol
particle profiles in a cloud-free marine atmospheric boundary layer (MABL). The evolution of vertical
concentration profiles are simulated for a range of aerosol particle sizes and in a neutral and an unstable
boundary layer. For the neutral boundary layer we find, based on the LES statistics and a specific model
time step, that there exist significant correlation for particle positions, meaning that particles near the
bottom of the boundary are more likely to remain near the bottom of the boundary layer than being
abruptly transported to the top, and vice versa. For the unstable boundary layer, a similar time interval
exhibits a weaker tendency for an aerosol particle to remain close to its current location compared to the
neutral case due to the strong nonlocal convective motions. In the limit of a large time interval, particles
have been mixed throughout the MABL and virtually no temporal correlation exists. We leverage this
information to parameterize a Markov chain random walk model that accurately predicts the evolution of
vertical concentration profiles. The new methodology has significant potential to be applied at the subgrid
level for coarser-scale weather and climate models, the utility of which is shown by comparison to airborne
field data and global aerosol models.

1. Introduction
At the ocean surface, the combination of winds and breaking waves generate sea spray aerosol droplets
that are transported throughout the marine atmospheric boundary layer (MABL) (Andreas, 1998; de Leeuw
et al., 2000; Veron, 2015). Suspended in the atmosphere, sea spray aerosol particles can act as cloud con-
densation nuclei (Clarke et al., 2006; Ghan et al., 1998; Lewis & Schwartz, 2004), influence the propagation
of electromagnetic radiation (Gerber, 1991; Stolaki et al., 2015), and interact with geochemical cycles of
reactant species (Erickson et al., 1999). The impact on these processes depends on the aerosol number con-
centration, mass loading, chemical composition, and sea spray droplet size, which spans a wide distribution
(Quinn et al., 2015; Reid et al., 2008). To address these influences, observational and model-based studies
have investigated the vertical distribution of sea spray aerosol particles in the atmosphere (Bian et al., 2019;
Liang et al., 2016; Reid et al., 2001).

To study the effect of turbulence on aerosol particle transport processes, high fidelity numerical simulations
of the MABL can be used. In particular, large eddy simulations (LESs) have been used to understand the
dynamics of boundary layers (Moeng, 1984), characterize their statistical turbulence properties (Deardorff,
1972), and investigate plume dispersion (Lamb, 1978; Wyngaard & Brost, 1984). Lagrangian models have
also been considered for particle transport and dispersion in open channel turbulent boundary layers (Shi
& Yu, 2015). Upscaling the governing physical processes with bulk parameters is of interest due to the large
computational cost associated with explicitly resolving the wide distribution of length and timescales in the
MABL. In environmental fluid flows, the ratio between the largest and smallest length scales of motion can
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span more than 6 orders of magnitude. To alleviate the cost of attempting to resolve all scales, modelers
use coarse-grid resolutions; global aerosol models as well as mesoscale systems have grid lengths between
one and hundreds of kilometers (Lynch et al., 2016; Riemer et al., 2003). Consequently, large-scale models
then neglect small-scale processes, but it is imperative to provide coarse-scale models with accurate rep-
resentations of subgrid distributions of aerosol particle concentrations. This representation is particularly
important along the sea surface, where aerosol particles are generated and are mostly confined (Blanchard
et al., 1984; Toba, 1965).

One approach for parameterizing the turbulent transport of sea spray aerosol particles in the MABL has
been through the use of one-dimensional column models (Caffrey et al., 2006; Kind, 1992; Prandtl, 1981;
Rouse, 1937). These models attempt to describe vertical concentration profiles that account for gravitational
settling as well as net surface emission and have been extended to account for a range of atmospheric sta-
bilities (Chamecki et al., 2007; Freire et al., 2016). These studies rely on Monin-Obukhov similarity theory
to predict aerosol concentration profiles in the surface layer; Nissanka et al. (2018) extended this to capture
profiles for the full MABL. While Nissanka et al. (2018) (hereafter referred to as N18) provide reasonable
predictions in the case of neutral stability, expressing turbulent fluxes in an unstable boundary layer by the
gradient diffusion hypothesis (also known as first-order K theory) limits the accuracy of the prediction of
vertical concentration profiles (Stull, 1988). As N18 points out, the proposed one-dimensional column model
cannot reproduce the uniform concentrations with height, and so a different approach is needed. As moti-
vation to address the limitation of the model presented by N18, we propose one such alternative approach,
maintaining both rapid and accurate predictions of aerosol concentrations for varying size and stability. This
approach can be served as a parameterization method in global and perhaps mesoscale aerosol models.

To do this, we upscale transport using a correlated random walk method. Random walk frameworks
are commonplace, ranging across applications including financial markets (Montero & Masoliver, 2017;
Scalas, 2006), electron transport (Nelson, 1999), animal foraging patterns (Giuggioli et al., 2009), and solute
transport in hydrogeologic systems (Berkowitz et al., 2006; Le Borgne et al., 2008). Particle trajectories
through space and time are modeled as a series of stochastic jumps (i.e., random walk), most commonly
sampled as independent and identically distributed. In this study, however, we adopt a correlation-based
random walk model that is conceptually similar to that applied in the subsurface hydrology community
(Bolster et al., 2014; De Anna et al., 2013; Le Borgne et al., 2008). Here we define correlation as the proba-
bility of particle transport from one location over given a model time step given an initial starting location.
The key assumption in a correlated random walk model is that a particle's transport behavior at every model
step is dependent on its current state, thus having a one-step memory.

We apply this random walk framework to model the evolution of a constant surface source of aerosol par-
ticles in the MABL. Aerosol particle mass is discretized into many point particles that transition through
time and space by sampling a probability distribution that governs particle motion. Specifically, we model a
particle's vertical position through time. By considering many particle trajectories, our upscaled framework
predicts the vertical transport of aerosol particles through a cloud-free MABL, allowing effective modeling of
the temporal evolution of vertical concentration profiles. Similar upscaled transport models in the context of
hydrologic systems have displayed computational costs 6 orders of magnitude less than high fidelity simula-
tions (e.g., Sherman et al., 2019), meaning that transport behavior can be faithfully predicted at future times
without resolving the turbulent flow field. Though the focus of this study is geared toward sea spray aerosol
particles over the open ocean, this modeling strategy can in principle be applied to anthropogenic, dust, or
any other kind of particle over various landscapes. In this study, we test the robustness of our method by
considering both neutral and unstable boundary layers and for a range of aerosol particle sizes. Although the
model is trained on known, idealized LES simulations, the proposed modeling framework here is used as a
validation of theory to offer a step toward an accurate, computationally efficient aerosol particle transport
model.

2. Numerical Methodology
2.1. LESs

This study uses a modified version of the National Center for Atmospheric Research (NCAR) LES
model (Moeng, 1984), which includes Lagrangian particles (referred to as NTLP, NCAR Turbulence with
Lagrangian Particles). The Eulerian fields of mass, momentum, and energy are solved from the filtered
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Navier-Stokes equations under the Boussinesq approximation:
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where ũi is the resolved velocity, 𝜃 is the resolved potential temperature, p̃ is the resolved pressure, 𝜏 ij is
the subgrid stress, f is the Coriolis parameter, and 𝜏𝜃i is the subgrid turbulent flux of potential tempera-
ture. The Eulerian subgrid-scale turbulent fluxes are parameterized with a prognostic equation that solves
for the subgrid-scale turbulent energy, which is then used to define a mixing length. Further subgrid-scale
parameterization detail can be found in Deardorff (1980).

We assume the large-scale pressure gradient balances the Coriolis force by imposing a constant geostrophic
wind speed, Ug. The flow is driven by this geostrophic wind, in which only one direction is considered
(Ug = 10m∕s,Vg = 0). The Eulerian representation of the carrier phase is assumed periodic in the hori-
zontal (x and y) directions and resolved on a uniform grid in all Cartesian directions. An inversion layer
(zinv) is imposed at the upper half of the domain's vertical extent, in addition to a radiation condition at the
top of the domain (Klemp & Durran, 1983). A pseudospectral discretization is used for spatial gradients in
the horizontal directions, whereas a second-order finite difference scheme is used in the vertical direction.
Time integration is done with a third-order Runge-Kutta method, and a divergence-free filtered velocity field
is enforced via a fractional step method. The lower boundary conditions are prescribed by the rough-wall
Monin-Obukhov similarity relations, and the surface is assumed flat with a constant aerodynamic rough-
ness (0.001 m). The base LES model (without Lagrangian point-particles) has been used previously in many
studies of the planetary boundary layer (Moeng, 1984; Moeng & Wyngaard, 1988).

Sea spray aerosol particles are represented as Lagrangian point particles, which are assumed smaller
than the smallest scales of turbulence (Balachandar & Eaton, 2010). Particle motion follows a Langevin
equation:

xp,i(t + Δt) = xp,i(t) + vp,iΔt + 𝜂i

√
2K(xp,i)Δt +

dK(xp,3)
dz

Δt𝛿i3, (4)

vp,i = u𝑓,i − 𝜏pg𝛿i3, (5)

where the velocity of the particle (vp, i) is dictated by the local resolved fluid velocity (uf , i), which is retrieved
at the location of the particle using sixth-order Lagrange interpolation. It is further modulated by the settling
velocity 𝜏pg, where 𝜏p = 𝜌pd2

p∕18𝜌𝑓 𝜈𝑓 is the Stokes timescale for a sphere (Brennen, 2005). In Equation 4, 𝜂i is
an independent and identically distributed random value from a normal distribution. The subgrid diffusivity
K(xp, i) describes the turbulent dispersion of the Lagrangian particle; it is obtained from the LES subgrid
eddy diffusivity (for a passive scalar) interpolated to the particle location. Overbars refer to averaging in the
horizontal directions. The fourth term, dzK(xp,3)Δt, takes into account vertical transport that is caused by
spatial variations in mean diffusivities and conserves mass balance that would otherwise be violated (see
Delay et al., 2005, Equation 40, for more details).

For our particular simulation setups, the domain size and number of grid points are held fixed at
1,500 × 1,500 × 850 m (x × y× z) and 128 × 128 × 128, respectively. This grid configuration is similar to other
atmospheric boundary layer studies (Sullivan & Patton, 2011; Sullivan et al., 1998). The time step is set to
0.5 s with an initial temperature inversion of 0.50 K/m at approximately 570 m. The use of the strong inver-
sion is to maintain approximate, statistically steady state conditions with minimal boundary layer growth.
We consider aerosol particle sizes with diameters of 2, 10, and 50 μm to test the influence of gravitational
settling on transport behavior and aerosol particle lifetime.

Two simulations without particles are performed to allow the turbulent flow field to fully develop and reach
statistically steady state conditions. The first one corresponds to 3 hr with neutral atmospheric stability,
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whereas the second run is for 1 hr with unstable stratification. The same geostrophic wind (Ug = 10 m/s) is
imposed on both neutral and unstable cases. For the unstable case, a surface heat flux of 0.02 K-m/s is used.
In relation to meteorological conditions, this corresponds to an air-sea temperature difference of roughly
1.5 K. Once the flow field fully develops, monodisperse particles are generated randomly along an x-y plane
at the first vertical grid point (z = 3.12 m); 100 particles are initialized at each LES time step (200 particles
per second). The source flux is denoted as 𝜙s = 200 s−1. If the Lagrangian particles are transported below the
lower surface (xp, 3 ≤ 0), the particle is removed from the simulation, representing dry deposition.

LES, like all models, makes explicit assumptions and is only valid when those assumptions are reasonable.
In the LES considered here, the simulated Lagrangian sea spray aerosol particles maintain a constant size,
meaning that hygroscopicity and aerosol swell are not considered (Winkler, 1988). The changing atmo-
spheric conditions due to the diurnal cycle have been neglected, as have momentum and energy exchange
between the aerosol particles and the air (e.g., neglecting the effects of spray modifying heat and moisture
in the surface layer Peng & Richter, 2019). Lastly, the LES assumes a flat surface with a prescribed aerody-
namic roughness length, although in the open ocean the moving surface waves may play a substantial role
in the transport and fate of sea spray aerosol particles (Richter et al., 2019).

2.2. Markov Chain Random Walk Model

Particle transport behavior simulated in the LES is used to develop the upscaled random walk model. As
an initial model formulation, we consider only the vertical transport of aerosol particles, where a full 3-D
representation can be developed in future studies. In the Markov chain random walk framework, particles
transition through time and space by sampling a probabilistic distribution for spatial and temporal jumps
𝜙(x, t). A particle's trajectory is conceptualized as series of jumps, where each jump has an associated dis-
tance and time; this is the basis of a random walk model. Here we fix time, meaning each jump occurs
over a constant model time step 𝜏, but the associated travel distance varies. The trajectory can therefore
be expressed as 𝜙(x, t) = 𝜓(x)𝛿(t − 𝜏). Physically, the sampled travel distance represents the net vertical
displacement of a particle over the given lapse time 𝜏.

With this, we can describe particle motion with the Langevin equation
tn+1
i = tn

i + 𝜏,

zn+1
i = zn

i + 𝓁n+1, 𝓁 ∈ 𝜓(𝓁n+1|𝓁n).
(6)

At every model step, particle i travels a vertical displacement 𝓁 over model time step 𝜏. This vertical dis-
placement at every model step is sampled from a global distribution 𝜓(𝓁), in which 𝜓(𝓁) is dependent upon
the current location of the particle (𝜓(𝓁n+ 1|𝓁n)). Hence, since the displacement is sampled from a condi-
tional distribution, particle trajectories are conceptualized as a Markov chain. In this Markov chain random
walk framework, particle trajectories are conditionally sampled via a transition matrix (elaborated further
below), which gives the probability that a particle transitions from its current height to any other z location
in the boundary layer after model time step 𝜏.

Successive model jumps may be spatially independent (or decorrelated), meaning that a particle's predicted
vertical position, given a 𝜏, is independent of its initial position. If independence is assumed, then a ran-
domly sampled location would suffice. Conversely, over shorter model timescales 𝜏, it becomes appropriate
to account for this correlation; that is, particles at the bottom (or top) of the boundary layer are more likely
to stay at the bottom (or top) of the boundary layer. Again, temporal correlation refers to the probability of
particle transport from one location to another over a model time step given a starting location. Therefore,
we note that the random walk framework describes the overall model, with temporal correlation via the
transition matrix M as a specialized case.
2.2.1. Transition Matrix
To further expand upon the framework of particle displacement, we introduce the transition matrix M. It
contains the probabilistic information for any particle jump from any starting location in a fixed time. In
the Markov chain model, particles transition through space according to the probabilistic rules of M. As the
global distribution 𝜓(𝓁) implies a continuous variable, we discretize the atmospheric boundary layer into S
height bins, with bins 1 and S representing the lowest and highest vertical positions in the boundary layer,
respectively. The matrix M then has size [S, S] and each element in Mi, j is the probability that a particle
trajectory after n+ 1 model jumps ends in bin j given its initial start bin i at model step n; that is,

Mi,𝑗 = P(zn+1 ∈ bin𝑗|zn ∈ bin i). (7)
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By rules of probability, the sum of probabilities of any row in M must be unity. The transition matrix assumes
that particle transport behavior can be represented through a one-step memory (the model step time 𝜏),
hence being a Markov chain process. Particles sample a distribution for their next location based on its
starting bin, and once the particles are displaced (to bin (j)), the same M is used to predict the next model
step displacement of particles; M is assumed to be stationary. One of the benefits of this transition matrix
approach is that it can model nonlocal behaviors (i.e., particles can jump large distances in the domain
and are not just restricted to communicate with adjacent cells). The sensitivity of M is further explored in
section 4.4.

In the LES, detailed statistics gathered from a large number of individual Lagrangian particle trajectories are
used to construct M. Specifically, we run a steady-state LES simulation over a time 𝜏 (Equation 6) and track
many (O(106)) particles to estimate each element of M. The particles begin uniformly dispersed throughout
the boundary layer height, meaning that each starting bin is weighted equally. A separate LES calculation
is performed for each aerosol particle size to construct the size-dependent transition matrices.

The total simulation time required to run the LES consists of the time for the LES to develop statistically
steady-state turbulence, and then an additional time 𝜏 to compute the transition matrix M as well as the
injection distribution 𝜓 I (explained later) of the random walk model. The goal is to only need to run the LES
for a time 𝜏, from which the upscaled model can make predictions out to much later times. In this study, the
boundary layer is partitioned into 20 bins of equal size; that is, each bin has height of approximately 15 m.
With complete information of M and an initial particle location, we can effectively model a particle's vertical
position through time and therefore predict the evolution of vertical aerosol particle concentration profiles.
2.2.2. Boundary Condition: Removal of Particles
Aerosol particles that reach the ocean surface by dry deposition (xp, 3 < 0) in the LES are removed from the
simulation. Such behavior must therefore also be faithfully captured within the Markov chain random walk
model. To do so, we add an additional bin to M, representing transport to the ocean surface. If a particle
transitions to this surface bin, the particle is removed from the system. In the context of stochastic models
this is often called transport to a limbo state (Sund et al., 2015; Van Kampen, 1979). Parameterization of
this “limbo” bin is consistent with the methods discussed above; that is, in the LES we track the number of
particles that transition from height z to the surface after 𝜏, and this is included in the transition matrix M
as an additional column. In the results section, the choice of 𝜏 is shown to influence the probabilities of dry
deposition.
2.2.3. Initial Condition: Particle Injection 𝝍 I(z)
For the MABL system considered here, sea spray aerosol particles are continuously emitted from the ocean
surface into the atmospheric boundary layer. This means that under certain conditions, namely, when the
number of aerosol particles injected into the atmosphere exceeds the number of aerosol particles depositing
onto the ocean surface, the total aerosol particle number will increase through time. We parameterize this
behavior in the Markov chain random walk model by adding a distribution of aerosol particles at every model
step. This distribution corresponds to the vertical distribution of any new particles generated over the last 𝜏
seconds. We first numerically calculate 𝜓 I from LES statistics; 𝜓 I is simply the vertical concentration profile
of particles released during a window of time 𝜏. Additionally, we demonstrate that in neutral conditions, 𝜓 I
can be parameterized from existing one-dimensional models, potentially removing the need to calculate 𝜓 I
from LES. In this study, we assume that the 𝜓 I distribution is stationary for any interval [t, t + 𝜏], though
𝜓 I varies slightly across various intervals for unstable cases. In the LES we add 200 particles per second to
the domain, and therefore 200𝜏 for a random walk model time step. Note that the actual injected number
is slightly less than 200𝜏 because some particles are emitted and absorbed back into the ocean within the
model time step 𝜏; that is, the lifetime of a particle is permitted to be less than 𝜏.

3. Results
Here we briefly summarize the parameterization of the Markov chain random walk model after statistically
steady-state turbulence is achieved. Using LES, we find the two upscaled model input parameters: M and
𝜓 I . This is done for each atmospheric condition/particle diameter combination. In this section, we first
characterize the neutrally stratified boundary layer and use the LES particle statistics for the comparison
and validation of the upscaled model. Afterward, we perform the same procedure for an unstably stratified
boundary layer.
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Figure 1. Snapshot of instantaneous vertical velocity with horizontal planes at (a) 100 m (z∕zinv = 0.18) and (b) 300 m
(z∕zinv = 0.53) for the neutral boundary layer. (c) The time-averaged vertical profile of root-mean-square vertical
velocity normalized by u∗, the friction velocity.

3.1. Neutral Boundary Layer

Once aerosol particles are generated at the surface, the vertical transport mechanisms affecting their dis-
placement are the local turbulence and the settling effect of gravity. If the magnitude of settling is less than
that of the vertical velocity seen by the Lagrangian particles throughout their lifetime, then they have a high
probability of reaching the top of the boundary layer. If particles are too heavy, they have a high likelihood of
quickly falling back into the ocean. In the case of neutral boundary layers, the wind shear is solely responsi-
ble for the mechanical generation of turbulence. Therefore, characterizing the turbulent kinetic energy (or
specifically the vertical velocity variance) is useful in understanding vertical transport of sea spray aerosol
particles. Neutral boundary layers as an atmospheric state can be used as a helpful model development
testbed and as a proxy for other conditions (Stull, 1988).
3.1.1. Characterization of the Neutral Boundary Layer
For the neutral case, Figure 1 presents snapshots of LES vertical velocity, with horizontal planes at two
heights: 100 and 300 m, corresponding to z∕zinv = 0.18 and z∕zinv = 0.53, where zinv is the boundary
layer height. Near the surface, coherent structures of vertical velocities are smaller than near the middle of
the boundary layer (300 m), where larger-scale coherent turbulent structures are more visibly apparent. In
Figure 1c, the normalized root-mean-square of the vertical velocity exhibits a peak near the surface, in accor-
dance with other studies (Deardorff, 1972). This quantity can be interpreted as a measure of the turbulence
intensity experienced by the aerosol particles.

The vertical concentration profile of newly generated sea spray aerosol particles (over time 𝜏) is measured
in the LES to parameterize 𝜓 I . For neutral stability, the value of 𝜏 is normalized by the neutral stratification
timescale 𝜏neut = zinv∕u∗ (u∗ is the friction velocity), which is around 2,000 s. We choose the normalized
model time step 𝜏∕𝜏neut = 0.25 (where 𝜏 = 500 s), which is sufficiently large such that the transition matrix
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Figure 2. The distribution of newly generated aerosol particles 𝜓 I from the LES in a 𝜏∕𝜏neut = 0.25 window for neutral conditions. The y axis is the normalized
vertical height z∗ = z∕zinv, and the x axis is the normalized concentration C∗ = C(z)∕CTot , where C(z) is the concentration of particles at a bin location, and
CTot is the total concentration for a given snapshot. Twenty different temporal snapshots of 𝜓 I are shown in each panel (but overlap).

displays temporal stationarity, but small enough such that a Markov chain is required to capture correlation
between particle jumps. Figure 2 shows the vertical concentration profiles for 𝜏∕𝜏neut = 0.25 generated for
20 different windows [n𝜏, (n+ 1)𝜏] for particles with diameter 2, 10, and 50 μm. This profile reflects the
distribution 𝜓 I of the newly injected particles reported by the LES. Note that we have plotted all 20 distinct
profiles for each aerosol particle diameter, but they are all nearly identical and hence appear as a single
profile. This overlap indicates that the turbulence is statistically steady state based on the chosen 𝜏. For all
aerosol particle sizes, the majority of newly generated particles remains in the lower atmosphere, meaning
that 𝜏∕𝜏neut = 0.25 is not sufficiently long for particles to sample the entire boundary layer. Again, this
temporal correlation is what necessitates the use of a Markov chain component of the random walk model.

As the diameter increases, the gravitational settling velocity increases, causing a higher concentration of
particles near the surface as observed in Figure 2. Physically, larger particles require persistent and strong
updrafts to reach the upper portions of the boundary layer, whereas smaller particles are more likely to reach
greater heights and stay suspended without the need of constant upward velocities. Thus, larger particles
exhibit lower concentrations as vertical height increases.
3.1.2. Markov Chain Random Walk Prediction
We apply the Markov chain random walk model to predict aerosol particle transport through the boundary
layer and compare model predictions with the LES. Using the Lagrangian statistics, the transition matrix
is parameterized, as shown in the top panels of Figure 3. As mentioned in section 2.2.1, the “start” and
“transition” bins represent a spatial discretization of the atmospheric boundary layer. The rows represent
all probabilities of transport from any given start bin to another bin (including its own same bin). For exam-
ple, the probability of transport to bin 20 given being at bin 1 is very low (shown by the blue color), and its
probability to remain at its same location (start bin 1, transition bin 1) is high. The position of an aerosol
particle based on the normalized model time step 𝜏∕𝜏neut = 0.25 is shows strong correlation based on its cur-
rent position. Such behavior is captured by the transition matrices, which the colors (indicating probability)
display strong diagonal trending; that is, particles that start at the bottom (or top) of the boundary layer are
likely to stay at the bottom (or top).

For dry deposition to the surface, the rightmost column of the transition matrices quantifies the transition
from some height to the ocean. As the distance between the ocean surface and current particle position
decreases, the probability that the particle enters limbo (dry deposition) increases. Furthermore, as the par-
ticle's diameter increases its probability of removal grows, seen as increased values in the removal column
of the transition matrices—an effect well captured by the transition matrix and upscaled model.

Using this parameterization, the Markov chain model accurately represents the LES evolution of vertical
concentration for 2, 10, and 50 μm diameter particles. Note that in contrast to C* shown in Figure 2, C is
a dimensional number concentration given a local grid volume. Figure 3 shows the horizontally averaged
concentration profile at snapshots of t∕𝜏neut = 1 (black), 2 (blue), 3 (green), and 4 (red) along the bottom row
of panels, where t is the time since the first release of particles. As a reference, the reported concentrations
are the number concentration from the LES given the injection rate (𝜙s = 200 s−1). The atmosphere begins
devoid of particles, and over time, the particle concentration increases as they are continuously injected at
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Figure 3. The top row shows transition matrices for particles with diameter d = 2,10, 50 μm with a normalized model time step 𝜏∕𝜏neut = 0.25, where 𝜏 = 500 s,
and the colors represent probability. The bottom row is the temporal evolution of the vertical aerosol particle concentration profiles in the neutral boundary
layer for LES (dots) and the Markov chain upscaled model predictions (dashed line). The colors on the bottom row correspond to t∕𝜏neut = 1 (black), 2 (blue),
3 (green), and 4 (red), where t is the time since the first release of particles. Concentrations are provided as a local number density based on the number of
particles in the LES.

z = 0. As time evolves, particles have sufficient time to sample the full range of motions in the boundary
layer, and turbulent dispersion results in the transport of particles throughout the boundary layer. For the
d = 2,10 μm cases, turbulence is strong enough for such transport; however, in contrast, very few particles
with a diameter of 50 μm make it to the top of the boundary layer because the turbulent field is too weak in
comparison to gravitational settling. These features are well captured by the upscaled model.

3.2. Unstable (Convective) Boundary Layer

We now consider an unstable boundary layer in addition to the neutral conditions of the previous section.
The surface heat flux in this scenario corresponds to a 1.5 K air-sea temperature difference, a typical setting
over open oceans. In addition to the imposed geostrophic wind, buoyancy production of convective tur-
bulence occurs due to the relatively warm surface. The significant amount of vertical mixing due to these
convective motions causes a near-constant concentration with height, a feature in the profile which is very
difficult for traditional 1-D analytical models to capture, as shown in N18.
3.2.1. Characterization of Unstable Boundary Layer
Figure 4 presents snapshots of vertical velocity with planes at two different heights, as well as a profile of ver-
tical velocity fluctuations. Note that compared to Figure 1, the range of vertical velocity fluctuations are up
to three times larger. In the wall-normal x-y planes, convective plumes are visible via large, coherent regions
of vertical velocity fluctuation. These large-scale features are important to the transport of aerosol particles,
as it will be shown to significantly affect the spatial probabilities displayed by the transition matrix. Addi-
tionally, the normalized root-mean-square of the vertical velocity shows the maximum of vertical mixing
toward the center of the mixed layer, in agreement with other studies (Moeng & Sullivan, 1994).

We use the standard definition of the convective velocity scale w∗ = [gzinv(w′𝜃′)s∕Ts]1∕3 to define a convec-
tive large eddy timescale, 𝜏eddy = zinv/w∗. Here, Ts is the reference surface temperature (273 K), w′𝜃′ is the
surface heat flux, and g is gravitational acceleration. Our convective timescale is roughly 20 min, consis-
tent with previous studies (Moeng & Sullivan, 1994). We first choose a model time step of 𝜏 = 500 s, which
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Figure 4. Snapshot of instantaneous vertical velocity with horizontal planes at (a) 100 m (z∕zinv = 0.18) and (b) 300 m (z∕zinv = 0.53) for the unstable boundary
layer. (c) The time-averaged vertical profile of root-mean-square vertical velocity normalized by the convective velocity scale.

corresponds to 𝜏∕𝜏eddy = 0.39. By choosing 𝜏 less than 𝜏eddy, the model time interval will be less than the time
required to mix aerosols throughout the MABL, thus necessitating the Markov chain. Though it is possible to
use the model step time 𝜏∕𝜏eddy = 0.39 to make further step predictions past the model step time, we explore
the Markov chain model capability for different model step times, particularly when larger than the great-
est turbulent timescales. As the time step reaches the full range of turbulent timescales (∼𝜏/𝜏eddy > 1), we
anticipate that this leads to temporal decorrelation. This decorrelation occurs when the transition matrix is
equiprobable from any starting bin to any ending bin over the model time step. Thus, the larger timescale will
remove the requirement of the Markov chain since particles would have enough time to sample the entire
MABL. To test this, we also consider a case when 𝜏 is larger than 𝜏eddy: 𝜏 = 2,000 s, or 𝜏∕𝜏eddy = 1.56. It will be
shown that even in this case, the upscaled transport model can reasonably predict constant concentrations
with height in the mixed layer.

Figure 5 displays𝜓 I for both 𝜏∕𝜏eddy = 0.39 (top rows) and 𝜏∕𝜏eddy = 1.56 (bottom rows). Each panel contains
multiple profiles, representing different simulation windows from the LES of the corresponding normalized
model time steps 𝜏. Due to our simulation times ending at t = 1,1400 s, the model time step 𝜏 = 2,000 s allows
for five unique instances of 𝜓 I . In the neutral case, all 𝜓 I are nearly identical; however, under unstable
conditions, we observe that the profile of newly generated aerosol particles is somewhat variable in time. We
attribute this variation to large-scale turbulent structures, which influence the convergence of time-averaged
statistics. At the surface layer and inversion layer heights, the initial injection distributions are similar, where
the large-scale structures are less dominant.
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Figure 5. 𝜓 I from the LES for two model time steps 𝜏 under unstable conditions. The top row represents 𝜏∕𝜏eddy = 0.39, while the bottom row represents
𝜏∕𝜏eddy = 1.56. The concentration is normalized in the same way as the neutral condition. Five snapshots are shown for 𝜏 = 2,000 s, demonstrating the temporal
variability of the initial condition.

As expected, 𝜏∕𝜏eddy = 0.39 displays concentrations that are able to reach the upper half of the boundary
layer, unlike the neutral 𝜓 I . Particle concentration is the largest in the surface layer, because aerosols are
generated at the surface and are carried downwards by gravity—again, this becomes stronger with particle
size. We choose the first profile, that is, the vertical concentration profile at t = 𝜏, as the injection initial
condition 𝜓 I for both values of 𝜏. For the case with 𝜏 = 2,000 s, the profile 𝜓 I looks similar to the fully
developed concentration profile, as expected since the particles have had sufficient time to distribute and
sample the entire MABL.
3.2.2. Markov Chain Random Walk
We apply the same methodology of using the LES to determine M and 𝜓 I to parameterize the upscaled
model. In this section we present two random walk simulations using the two values of 𝜏 for the unstable
boundary layer, and note the difference in vertical concentration predictions.

For unstable stratification, the transition matrix when using 𝜏∕𝜏eddy = 0.39 is shown in the top row of
Figure 6 and exhibits generally weak correlation throughout the mixed layer as compared to the neutral
boundary layer (top rows of Figure 3). Preferential particle displacement relative to its original location
is greater toward the surface and the inversion layer, where particles tend to remain for successive time
intervals.

When using these transition matrices, the bottom rows of Figure 6 compare the model predictions to the
LES results. Above a height of z/zi ≈ 0.2, the random walk model correctly predicts a near-uniform concen-
tration profile, due to the enhanced vertical mixing relative to the neutral boundary layer. As noted above, it
is this feature, which is very difficult for traditional eddy diffusivity models to capture. As the concentration
of aerosols grows in the boundary layer, the Markov chain random walk model generally exhibits an under-
prediction within the surface layer. Compared to the neutral case shown in Figure 3, there is more variation
in the predictions for the unstable case, which is consistent with that seen in the profiles of 𝜓 I and reflects
the time variability of the horizontally averaged concentration. Similarly, the transition matrix at multiple
instances of 𝜏∕𝜏eddy = 0.39 undergoes slight temporal variation (not shown), but the general features remain
the same since the flow is statistically stationary.

When setting 𝜏∕𝜏eddy = 1.56 (𝜏 = 2,000 s), the transition matrices reflect the well-mixed behavior exhibited
in the concentration profiles, displayed in the top panels of Figure 7. As expected, the matrices are nearly
uniform, meaning that a particle's initial position is not important to the particle's final position since the
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Figure 6. Transition matrices are shown above for particles with diameter d = 2,10, 50 μm using the normalized model time step 𝜏∕𝜏eddy = 0.39, where
𝜏 = 500 s. The bottom panels are the temporal evolution of the vertical aerosol particle concentration profiles in the unstable boundary layer for LES (dots) and
Markov chain upscaled model predictions (dashed lines). The random walk concentration is the scaled concentration with respect to the LES (see section 3.1.2).
Colors correspond to t∕𝜏eddy = 0.39 (black), 0.78 (blue), 1.17 (green), and 1.56 (red), where t is the time since the first release of particles.

model time step 𝜏 is larger than the convective timescale. We again observe that increasing the aerosol
particle size increases the probability that a particle enters limbo within the interval 𝜏, and the probability
of particle limbo is larger in the selection of 𝜏∕𝜏eddy = 1.56 than in 𝜏∕𝜏eddy = 0.39.

When using 𝜏∕𝜏edd𝑦 = 1.56, for all particle sizes the random walk model accurately captures the evolution of
mean aerosol concentration; this is shown in the bottom panels of Figure 7. As mentioned above, 𝜏∕𝜏eddy =
1.56 now takes into account the largest convective timescale. Once considering this timescale, the Markov
chain near completely decorrelates over this time interval (within the surface and mixed layer), eliminating
the need of a Markov chain and transition matrix formulation. Effectively, the injection initial condition of
the random walk (𝜓 I) contains all of the information needed to make predictions, since it captures the shape
of the well-mixed concentration profile.

4. Extended Analysis
With the initial results of the vertical concentration profile predictions for all considered particle sizes and
stabilities, we can now expand upon analysis of the Markov chain random walk model. As mentioned
before, the random walk model currently requires M and 𝜓 I , which are obtained from the LES. With the
goal of reducing computational cost associated with running LES, we begin this discussion by inferring new
transition matrices based on already-calculated transition matrices—that is, from several matrices M calcu-
lated from LES of a limited set of particle sizes, M for other particle sizes can be predicted without needing
additional LES.

With an eye on removing the need for using LES in total, we also discuss the possibility of using 1-D theory on
particle distribution to specify 𝜓 I and discuss the sensitivity of the model predictions to M in order to assess
how robust the predictions of C would be to various (future) parameterizations of M. Lastly, the model output
is compared with airborne field data and a global aerosol model to highlight its utility as a parameterization
for subgrid schemes of large-scale models.
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Figure 7. Transition matrices are shown below for particles with diameter d = 2,10, 50 μm using the normalized model time step 𝜏∕𝜏eddy = 1.56, where
𝜏 = 2,000 s. The bottom panels are the temporal evolution of the vertical aerosol particle concentration profiles in the unstable boundary layer for LES (dots)
and Markov chain upscaled model predictions (dashed line). Colors correspond to t∕𝜏eddy = 1.56 (black), t∕𝜏eddy = 3.13 (blue), t∕𝜏eddy = 4.69 (green), and
t∕𝜏eddy = 6.25 (red).

4.1. Inference of M Based on Particle Size

So far, we have shown predictions for models that were parameterized from the LES directly, meaning that
we have full access to highly detailed Lagrangian trajectory data. However, such parameterization methods
still require LES (albeit for much shorter durations) and therefore demand potentially large computational
resources. In other words, we still need to simulate transport in order to predict transport, which somewhat
defeats the purpose of upscaled modeling. In this section we use the previously calculated transition matrix
data to infer how the transition matrix changes with aerosol particle size. Doing so means we can param-
eterize random walk models for a large range of particle sizes by gathering statistics from just a few LES
cases, thereby reducing the computational costs associated with the parameterization step.

To demonstrate, we infer the transition matrix of a particle with diameter 35 μm from the transition matrices
observed for particles with diameters 2, 5, 10, 20, 50 μm for the unstable and neutral boundary layers. To
do so requires an adjustment of the probability of each transition matrix element with respect to particle
size. Anticipating that the elements of the transition matrix scale with particle mass based on gravitational
settling, thus depending on d3

p, we find a least squares best fit polynomial of degree 3; this reflects that
the transition matrix elements are a function of particle volume. We find the best fit probability for every
transition matrix element and then normalize rows, such that their summation is unity. The top graphs of
Figure 8 display the best fit lines for the probability of the limbo state bin for the lowest five initial bins
(distinguished by color), showing clearly that as particle radius increases, particle deposition becomes more
likely at any bin. The best fit lines allow the probability of a transition matrix element to be estimated for
any particle radius or diameter.

Once the transition matrix is inferred for a particle diameter of 35 μm, the random walk model is used to
estimate the evolution of the vertical concentration profile under the same forcing conditions as presented
earlier. In order for better convergence of Lagrangian statistics, we set 𝜙s = 600/s. The injection function
𝜓 I for the 35 μm particles is obtained from the LES and used as the input parameter in the upscaled model.
For both the neutral and unstable boundary layers, the Markov chain model accurately captures the LES
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Figure 8. The top row shows the particle radius versus probability of limbo state and a best fit third-order polynomial
for different atmospheric bins which are distinguished by color. The best fit polynomial is used to infer the transition
matrix with diameter 35 μm. A transition matrix for an aerosol particle with a 35 μm diameter is inferred from
transition matrices with other particle diameters. The temporal evolution of the concentration profiles from Markov
chain model predictions (dashed lines) are compared with LES (dots) for the neutral (left) and unstable (right) cases.
The temporal evolution (distinguished by color) is the same time stamps as Figure 3. The same setup is used as
Figure 7 for the unstable case.

behavior shown in the bottom panels of Figure 8. Here our simple interpolation method provides robust
results, suggesting that the dependence of the transition matrix on particle can be approximated, restricting
the need for full LES runs to only a subset of particle size. Additionally, the predictions demonstrate that the
difference in 𝜙s has little to no effect, suggesting that the particle statistics have converged.

4.2. Comparison to a 1-D Analytical Model

In this section we compare a previously developed, 1-D analytical model with the LES results, in an effort
to highlight the advantages of the proposed model. Specifically, we replicate vertical concentration profiles
from the work of N18. In their model, the vertical gradient of mean concentration is calculated from the
advection-diffusion equation for a passive scalar with a constant settling velocity, under the assumptions
of horizontal homogeneity, negligible molecular diffusivity, zero mean vertical velocity, turbulent vertical
flux parameterized with an eddy diffusivity, and a total (turbulent plus settling) vertical flux that decreases
linearly with height from a constant surface flux Φ to 0 at zinv. The final equation can be written as

dC
dz

= − 1
Kc(z)

[wsC + Φ(1 − z∕zinv)], (8)

where C is the mean concentration and Kc(z) is the eddy diffusivity.

In addition to the physical parameters that are constant in the simulation (u∗, zinv, ws, Φ, and the Obukhov
length L), Equation 8 requires a model for the eddy diffusivity Kc(z), proposed by N18 as

Kc(z) =
⎧⎪⎨⎪⎩

𝜅u∗z
𝜙(𝜁)

, if z < 0.1zinv,

a 𝜅u∗z
𝜙(𝜁)

(
1 − z

zinv

)2
, if z ≥ 0.1zinv,

(9)

where 𝜅 is the Von Kármán constant and 𝜙(𝜁) is the stability function for a passive scalar in the surface
layer (𝜁 = z∕L). This model extends the Monin-Obukhov similarity theory from the surface layer (Freire
et al., 2016) to the entire ABL, through the use of a transitioning constant a = 1∕(1 − 0.1zinv∕zinv)2.

Figure 9 shows the comparison between N18's model and the LES results for the same cases evaluated with
the Markov chain random walk model. Although no explicit time is shown in Equation 8, the analytical
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Figure 9. The temporal evolution of the vertical aerosol particle concentration profiles in the both neutral and unstable conditions for LES (dots) and 1-D
analytical model proposed by Nissanka et al. (2018) (dashed lines) for particles with diameter d = 2,10, 50 μm for 𝜏∕𝜏neut = 0.25 and 𝜏∕𝜏eddy = 1.56 observation
windows. The model time step is 𝜏 = 500 s for the neutral condition, and 𝜏 = 2,000 s for the unstable condition. Colors correspond to t∕𝜏neut = 1.0 and
t∕𝜏eddy = 1.56 (black), t∕𝜏neut = 2.0 and t∕𝜏eddy = 3.13 (blue), t∕𝜏neut = 3.0 and t∕𝜏eddy = 4.69 (green), and t∕𝜏neut = 4.0 and t∕𝜏eddy = 6.25 (red).

solution varies in time because the reference concentration Cr (taken here as the surface concentration)
changes in time: The theory assumes that the vertical profile is self-similar in its relationship between flux,
surface concentration, and C(z).

In both neutral and unstable cases, the analytical model matches the simulation at the surface layer for parti-
cles with diameters of 2 and 10 μm. For the 50 μm case, physical processes that are not taken into account by
the analytical model (such as the trajectory-crossing effect) start to be relevant, and the model is not expected
to work (Csanady, 1963; Freire et al., 2016). In addition, the behavior at the upper part of the atmosphere is
likely affected by the strong inversion and the accumulation of particles, which is also not considered in the
theoretical model. Finally, as noted by N18, the well-mixed behavior of the unstable cases cannot be well
represented by an eddy diffusivity approach (Stull, 1988; Wyngaard, 2010).

The random walk model is not constrained by the same assumptions and can easily adapt to different
conditions, as long as they are embedded in the estimation of the transition matrix M and an accurate repre-
sentation of 𝜓 I . The critical case of well-mixed conditions is a clear example of this flexibility. The analytical
model, on the other hand, is currently limited by the gradient diffusion approach to the turbulent trans-
port parameterization. In addition, it does not consider the transient period during which aerosol particle
growth occurs in the MABL, as explained in N18. Thus, this new approach has the potential to go beyond
the limitations of the 1-D analytical model, making it worth the pursuit of parameterizations for M and 𝜓 I .

4.3. The Use of 1-D Analytical Models as 𝝍 I for the Neutral Boundary Layer

In the previous analyses, we used LES to parameterize the Markov chain random walk model inputs, M and
𝜓 I . Here, we discuss another effort to de-link the training of the proposed model with the use of LES. Namely,
we demonstrate that a theoretically derived surface layer profile can instead be used for the injection initial
condition 𝜓 I in the neutral ABL case. We use the model provided by Kind (1992) (hereafter referred to as
K92), which corresponds to the mean concentration profile in the atmospheric surface layer (ASL) under
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Figure 10. The temporal evolution of the vertical aerosol particle concentration profiles in the neutral case for the LES (dots), and using 𝜓 I based on
Kind (1992) with the random walk model (dashed lines) for particles with diameter d = 2,10, 50 μm. Colors correspond to t∕𝜏neut = 1 (black), 2 (blue), 3 (green),
and 4 (red).

steady-state and horizontally homogeneous conditions:

C
Cr

=
(

Φ
Crws

+ 1
)(

z
zr

)−𝛾

−
(

Φ
Crws

)
, (10)

where C is again the horizontal mean concentration, Cr is the reference concentration at the reference height
zr , Φ is the net concentration flux at the surface, and 𝛾 = 𝜏pg∕𝜅u∗ is the Rouse number (Rouse, 1937).

As shown in Figure 2, nearly all of the concentration remains within the surface layer (z≤ 0.1zi) for a time
interval of 𝜏∕𝜏neut = 0.25, a situation that allows the application of an ASL model such as K92's equation as an
initial condition to the Markov chain random walk model. In this calculation, performed for 𝜏∕𝜏neut = 0.25,
the transition matrix used is the same as in previous analysis for the neutral ABL (section 3.1.2).

In Figure 10, concentration profiles calculated from the LES are compared to the Markov chain random
walk model with an injection initial condition retrieved by K92's analytical model. The use of the theoretical
profile as 𝜓 I in the neutral boundary layer continues to provide accurate predictions when comparing to
the LES, especially for the 2 and 10 μm particle sizes. There exists a significant loss in predictive accuracy
using the analytical model for 50 μm particles where the ASL model struggles, resulting in overprediction
at nearly all heights.

Thus, it is clearly important for the initial injection condition 𝜓 I to be representative of the distribution of
continually sourced aerosol particles. If 𝜓 I does not capture the general particle transport features of the
boundary layer, the predictions of the random walk model will have large errors even if M is perfect. As
shown in Figure 9, in the unstable case the theoretical profiles have low accuracy above the surface layer,
causing corresponding large errors in the random walk results if used as 𝜓 I (not shown). Additionally, the
use of 𝜏∕𝜏eddy = 0.39 causes an even larger mismatch for the 1-D analytical model prediction for the unstable
case. As mentioned in N18, the initial transient period is not taken into consideration, it will not accurately
predict the aerosol particle growth in the boundary layer until these deficiencies are mitigated.

4.4. Upscaled Model Sensitivity and Limitations

In this study the considered model time steps, 𝜏∕𝜏neut = 0.25 for the neutral case and two model time
steps for the unstable case, 𝜏∕𝜏eddy = 0.39 and 𝜏∕𝜏eddy = 1.56, were demonstrated to accurately predict
transport behavior. When 𝜏→ 0, particles do not have sufficient time for transport to other atmospheric
height classes, meaning the transition matrix would have values of 1 along the diagonal and 0 otherwise;
clearly, such a large transition probabilities would not accurately predict particle transport. When 𝜏 becomes
much greater than the largest characteristic timescales of the flow, particle displacement over successive
steps becomes increasingly decorrelated with each other (as observed in the unstable case with 𝜏∕𝜏eddy =
1.56), and assuming independence over successive model steps becomes more valid. This removes the need
for a Markov chain. As 𝜏→∞, all particles hit the ocean surface and are removed from the system, while
being replaced by particles in the same location according to𝜓 I . Physically, this case represents a steady-state
concentration of aerosol particles, though in the atmosphere this is rarely realized (Hoppel et al., 2005; Reid
et al., 2001).
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Figure 11. The temporal evolution of the vertical aerosol particle concentration profiles in neutral conditions for d = 10 μm. Associated transition matrices are
shown above for adjusted diagonal probabilities of 0%, 50%, and 150%. The incremental t/𝜏eddy are the same as in Figure 3.

If the probabilities of the transition matrix are modified, then the prediction of the vertical concentration
profiles will have a different outcome. At the same time, the importance of the transition matrix decreases as
the model time step 𝜏 increases. Conversely, as 𝜏 becomes shorter, the prediction will become more sensitive
to the structure (and any manipulation) of the transition matrix. The sensitivity of predicted concentration
profiles based on changes of the transition matrix remains an open question, and in this section our goal is
to test this sensitivity in order to ensure that the model performance is robust. Additionally, this information
can provide insight for a baseline parameterization for M. To do this, we run the random walk model with
transition matrices whose elements have been artificially manipulated.

For the neutral case in section 3.1.2, we consider a single particle size (10 μm), and again note that the tran-
sition matrix exhibits strong diagonal trending. Therefore, we adjust the probability that a particle remains
in its current height class (i.e., the diagonal elements of the transition matrix) to 0%, 50%, and 150% of its
actual value. Once the diagonal elements are adjusted, each row is normalized so its sum is unity.

In Figure 11, the temporal evolution of the concentration profiles for the same 𝜏 is displayed for the random
walk model whose transition matrices have been artificially adjusted. The 𝜓 I profile remains the same as
the analysis done in section 3.1.2. For all adjustments in the transition bins, the 10 μm diameter vertical
profiles maintain an accurate prediction compared to the LES simulations. With no likelihood that a particle
stays at the same height (left figures), and also for that with a higher probability (right figures), the random
walk model loses little accuracy in the prediction of concentration profiles. Slight overprediction occurs
at later time steps in regions of large concentration (i.e., the surface layer), whereas in regions of lower
concentrations (i.e., the inversion layer), the model underpredicts. Therefore, the Markov chain random
walk model demonstrates a level of robustness based on the biased training of the transition matrix.

For testing the sensitivity in the unstable stratification case, we perform a different manipulation of the tran-
sition matrix. The physical mechanisms of particle dispersion are fundamentally different in neutral versus
unstable stratification, which can be seen in the differences between the transition matrices in section 3.
The transition matrix of the unstable case approaches uniform transition probabilities more quickly with
an increasing 𝜏 and particles are more subject to be transported large vertical distances; we therefore
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Figure 12. The temporal evolution of the vertical aerosol particle concentration profiles in an unstable stratification for a uniform transition matrix. The times
t/𝜏eddy are the same as in Figure 7.

choose a different manipulation of the transition matrix to test robustness. Knowing that the transition
matrix is nearly fully decorrelated when 𝜏∕𝜏eddy = 1.56 (except at the inversion and surface deposition shown
in Figure 7), we create a uniform transition matrix (top row of Figure 12).

A uniform matrix assumes particle transport that is independent of its original position, which occurs
when all spatiotemporal scales of turbulent transport is trained into the transition matrix, as mentioned in
section 2.2. In Figure 12, the temporal evolution of the concentration profiles are presented for the modified
transition matrices in the unstable case. Visually, the probability of the transition matrices looks comparable
to that of Figure 4, except at the inversion layer height as well as the limbo probability bin. Removal of the
unstable correlation structure of the transition matrix affects the predictions at the top of the MABL, as con-
centrations become slightly over predicted. However, the profiles, as a whole, maintain accurate predictions
in time, and again, the random walk model appears robust to modifications of the transition matrix. As a
result, for a sufficiently large timescale 𝜏, a baseline for the parameterization of M can be used as a uniform
matrix for the unstable case with only a slight loss in accuracy at the inversion layer. This leads to the injec-
tion initial condition 𝜓 I being of upmost importance in the parameterization of the Markov chain model for
cases of decorrelated transition matrices, since in this limit it simply reflects the probability distribution of
particles in space at each step.

4.5. Application to a Global Aerosol Model and Field Observations

Finally, to highlight the utility of the Markov chain random walk model, we compare its concentration
profile predictions to that of a set of recent field observations and the prediction of an operational global
aerosol model. The main goal of this section is to provide examples in which the upscaled model can be a
tool for the global and perhaps mesoscale modeling community. We begin with the field study introduced
by Schlosser et al. (2020) (hereafter referred to as S20), called the MONterey Aerosol Research Campaign
(MONARC), where 14 repeated, identical flights were conducted from the California coast over the open
ocean using the Center for Remotely Piloted Aircraft Studies (CIRPAS) Twin Otter aircraft. Flights consisted
of repeated stair-stepping maneuvers to cycle between the following levels in order: near-surface (<60 m),
below cloud base, just above cloud base, midcloud, just below cloud top, just above cloud top, ∼150 m above
cloud top, followed by a slant descent back to the near-surface level. On cloud-free days, stair stepping was
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Figure 13. Nondimensional concentration profiles from S20 (red dots), Markov chain random walk (dashed lines), and
NAAPS (blue line). Concentrations are normalized by Cr , the concentration at the boundary layer midpoint, and
heights are normalized by the boundary layer height.

similarly conducted with three levels sampled below the MABL top, followed by two above it, and then
a slant descent back to the lowest level. A goal of the flights was to spatiotemporally characterize sea salt
aerosol number concentrations and other variables. Supermicrometer (dry particle diameter [dp > 1 μm])
sea salt aerosol particles were measured with wing-mounted probes, providing number concentration at
multiple heights. The most relevant probe is the Cloud and Aerosol Spectrometer (CAS), which measured
size distributions for the ambient dp range between 0.76 and 75.80 μm. Schlosser et al. (2020) describe the
method used to convert those data into dry dp values as the CAS conducted measurements at ambient relative
humidity conditions.

At the same time, we obtain concentration profiles at the same location and time of the MONARC flights
from the Navy Aerosol and Analysis Prediction System (NAAPS) (Lynch et al., 2016); it is a forecasting
aerosol model driven by meteorological data from the Navy Global Environmental Model (NAVGEM; Hogan
et al., 2014). Sea salt is assumed as tracer particles and their dry mass concentrations is forecasted. The
physical processes that are applied to sea salt are emission from the surface, wind-based dispersion and
advection, and removal from the atmosphere by wet and dry deposition (Witek et al., 2007). We specifically
consider two sets of data obtained on 4 June 2020 and 6 June 2020, which both display qualities of an unsta-
bly stratified atmosphere. The reader is referred to S20 for a more detailed description of the synoptic and
meteorological conditions during these two flights.

In order to make comparisons between our Markov chain random walk model, the MONARC observations,
and the NAAPS predictions, we must make certain assumptions. First, we assume that the stratification in
the atmosphere during the research flights is similar to our baseline unstable case. This is based on the air-sea
temperature difference and TKE levels reported in S20, and we inherently assume that the transition matrix
of our unstable case is not sensitive to stability parameters as long as it is in the unstable regime. Second, we
assume that the transport of all dp > 1 μm particles can be represented in our model with a monodisperse,
dp = 2 μm distribution. This is based primarily on the report in S20 that the volume median diameter of the
MONARC flights was 1.80 and 2.60 μm for 4 and 6 June, respectively. Polydisperse concentrations could
straightforwardly be used in the Markov chain model, but we use monodisperse for simplicity here. Assum-
ing a monodisperse distribution furthermore allows us to convert between number and mass concentrations
for comparison purposes.

We take the transition matrix from the case with 𝜏∕𝜏eddy = 1.56, predict concentrations, and compare it
directly to the measured concentrations from 4 and 6 June. Figure 13 shows the normalized concentra-
tion profiles of S20 (4 and 6 June), the Markov chain random walk model, and NAAPS (4 and 6 June).
The concentrations of all three profiles are normalized using the concentration at the center of the bound-
ary layer. The data from S20 exhibit well-mixed, constant concentrations with height; this feature is not
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completely tracked by predictions of NAAPS, which overpredict concentrations at the lowest few grid
points. It is generally understood that marine aerosol concentrations increase near the surface (Blanchard
et al., 1984; Woodcock, 1953); however, this layer can be very thin and difficult to resolve at coarse resolu-
tion. The Markov chain random walk model well captures the shape of the measured aerosol distribution,
although it has not been presently trained to accurately predict aerosol transport above the boundary layer
top since the aerosol concentration has been assumed to be 0 during the development of the transition
matrix. By combining the fast, accurate aerosol distribution provided by the Markov chain random walk
model with the bulk predictions of NAAPS, more accurate predictions of boundary layer concentrations (and
the inherent fine-scale gradients) can likely be achieved even in atmospheric models with coarse resolution.

5. Conclusions
In the present study we model the evolution of vertical aerosol particle concentrations for unstable and
neutral boundary layer conditions over a range of particle sizes. To do so, we introduce an upscaled random
walk model, and LES is used as a testbed for comparison and informing upscaled model parameters. In order
to accurately predict transport behavior, the boundary conditions and the physical processes that govern
transport must be effectively upscaled. All of the physical processes related to vertical transport of aerosols
considered by the LES are captured in a Markov chain random walk model. The benefit of this approach is
that once parameterized, the new model is approximately 1 million times faster than using the LES model
(calculated via cpu hours).

In the model framework, particles vertically transition through the MABL by random walk, which is
enforced with a transition matrix. Hence, particle trajectories are modeled as a temporal Markov process.
We test the upscaled model robustness by predicting the evolution of vertical concentration profiles for
varying stability conditions and particle diameters. For all cases, the upscaled model faithfully represents
transport behavior observed in the high fidelity LES. In comparison, 1-D analytical models cannot take into
account the transient accumulation of aerosol particles in the MABL, and also cannot obtain constant con-
centrations with height in an unstably stratifed environment (Nissanka et al., 2018). We demonstrate that
for the neutral case, 1-D analytical models can be used to parameterize the injection initial condition 𝜓 I of
our proposed upscaled model without degrading prediction accuracy. Finally, the model, namely, the tran-
sition matrix, is manipulated to explore its sensitivity and limitations. This information provides a basis for
parameterization of M.

An outstanding challenge to the proposed modeling framework is the parameterization of the transition
matrix without using LES. Currently, a major problem is that in order to predict transport behavior, transport
first must be simulated. This has been a common problem in the subsurface hydrology community. How-
ever, recent advances have been made in analytic Markov models (Kang et al., 2015; Morales et al., 2017),
inverse modeling approaches (Sherman et al., 2017, 2018), and assumes that correlations in time are gov-
erned by well-known stochastic processes, such as Bernoulli or Ornstein-Uhlenbeck (Dentz et al., 2016;
Hyman et al., 2019; Sherman et al., 2020). In addition, the transition matrix is versatile for many particle
dispersion problems: Its parameterization does not strictly depend on any particle transport assumptions
(such as being a dilute or nonevaporating), as long as it is temporally stationary. We envision that with some
future effort similar methodologies may be applied in the context of the proposed MABL model and that
our work here motivates such advances.

Furthermore, the designation of 𝜏 in the training of the transition matrix is still somewhat arbitrary, only as
long as temporal stationarity is satisfied. In this study, the normalized random walk time step 𝜏∕𝜏neut = 0.25
(T = 500 s) for the neutral condition showed strong correlation, a feature well captured by the transition
matrix. For the unstable boundary layer, the use of 𝜏∕𝜏eddy = 0.39 showed weaker probabilistic particle
displacement, attributed by the large-scale convective structures of turbulence. Increasing the normalized
model time step to 𝜏∕𝜏eddy = 1.56 shows that the transition matrix is effectively uniform past the timescale
of one large-scale eddy life cycle, relaxing the necessity of the Markov chain to the random walk model
for model prediction. Once specific 𝜏 values are determined, the upscaled Markov random walk serves as a
computationally efficient subgrid model that can be implemented in current boundary layer representation
in global aerosol models.
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Data Availability Statement
Markov chain random walk data presented in this work can be found online (https://doi.org/10.5281/
zenodo.3703180). MONARC data can be accessed at Sorooshian et al. (2017) (https://doi.org/10.6084/m9.
figshare.5099983.v10) and are described in detail by Sorooshian et al. (2018).
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