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Bioaerosol Dispersal Across Scales:
Regional Patterns, Field Study, and Model Evaluation

Manu Nimmala

(ABSTRACT)

Bioaerosols–including seeds, pollen, fungal spores, bacteria, and viruses–are fundamental

agents connecting atmospheric processes to agriculture, ecosystem function, and human and

animal health. This dissertation uses Lagrangian stochastic (LS) models to simulate how

these particles travel and deposit across scales relevant for cross-pollination, with applica-

tions to many types of biological aerosols. First, we map seasonal and regional patterns of

windborne hemp pollen across the United States by running LS models with weather data to

simulate day- and night-time dispersal from summer through fall. These simulations identify

areas more susceptible to cross-pollination and show how patterns shift across seasons and

between day and night. We find regions more vulnerable to cross-pollination, with seasonal

and diurnal shifting patterns in dispersal. Next, we work to detect and model genetically

modified switchgrass pollen released from a small field in low-wind conditions during three

sampling campaigns with a suite of novel samplers. We find that only our highest-volume

samplers were able to detect pollen and that reducing the averaging window in the simula-

tions substantially improved emission-rate estimates. Finally, we evaluate the 3D LS models

used in this dissertation by comparing them to a high-fidelity model driven by large-eddy

simulation (LES) in seven daytime convective boundary layer conditions. The LS models

show moderate accuracy in strongly convective conditions, but they fail in near-neutral con-

ditions due to issues in how they are parameterized rather than in their underlying equations.



Together, these results clarify when LS models can effectively substitute for more computa-

tionally intensive LES, reveal how sampler design and averaging choices shape what can be

extracted from field measurements, and demonstrate the value of weather-aware modeling for

cross-pollination risk assessment and broader questions of bioaerosol transport. Collectively,

this work strengthens the scientific foundation needed to predict, manage, and mitigate the

movement of biological aerosols in an increasingly variable atmosphere.
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Manu Nimmala

(GENERAL AUDIENCE ABSTRACT)

Bioaerosols–including seeds, pollen, fungal spores, bacteria, and viruses–are fundamental

agents connecting atmospheric processes to agriculture, ecosystem function, and human and

animal health. This dissertation uses Lagrangian stochastic (LS) models to simulate how

these particles travel and deposit across scales relevant for cross-pollination, with applica-

tions to many types of biological aerosols. First, we map seasonal and regional patterns

of windborne hemp pollen across the United States by running LS models with large-scale

weather data to simulate day- and night-time dispersal from summer through fall. These

simulations identify areas more susceptible to cross-pollination and show how patterns shift

across seasons and between day and night. Next, we work to detect and model geneti-

cally modified switchgrass pollen released from a small field in low-wind conditions during

three sampling campaigns. We find that only the highest-volume samplers captured pollen,

and that using shorter averaging windows in the simulations greatly improved emission-rate

estimates. Finally, we evaluate the 3D LS models used in this dissertation by comparing

them to a high-fidelity model driven by large-eddy simulations (LES) across seven daytime

atmospheric conditions. The LS models show moderate accuracy in strongly convective con-

ditions, but they fail in near-neutral conditions due to issues in how they are parameterized

rather than in their underlying equations. Together, these results clarify when LS mod-

els can effectively substitute for more computationally intensive LES, reveal how sampler

design and averaging choices shape what can be extracted from field measurements, and



demonstrate the value of weather-aware modeling for cross-pollination risk assessment and

broader questions of bioaerosol transport. Collectively, this work strengthens the scientific

foundation needed to predict, manage, and mitigate the movement of biological aerosols in

an increasingly variable atmosphere.
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Chapter 1

Introduction

1.1 Bioaerosols are important and matter at di�erent scales

Bioaerosols are small airborne particles formed and emitted from biological sources that link

atmospheric transport to processes in climate, ecosystems, agriculture, and health. They

include pollen, seeds, bacteria, fungi, and viruses, with diameters ranging from 1 nm to

100 � m [3]. They in�uence cloud microphysics and climate, plant reproduction and gene

�ow, and the spread of plant and human disease. For example, they are of vital interest

to applications such as ice nucleation and cloud condensation [4], gene �ow in relation to

historical human cultivation [5, 6] and plant evolution [7], natural forest regeneration [8],

airborne human infection [9], biocon�nement [10, 11, 12, 13] and regulation of genetically

modi�ed organisms (GMO) in agriculture [14, 15, 16], modeling ecological changes in plant

populations [13, 17, 18, 19], allergenic pollen [20, 21, 22, 23], harmful algae blooms [24, 25,

26, 27], and the spread of plant diseases [28, 29, 30, 31, 32, 33]. In all of these settings,

the central question is how these particles are emitted, transported, and ultimately removed

from the atmosphere�that is, their dispersal.

The impacts of bioaerosol dispersal are scale-dependent, with relevant length scales ranging

from a few meters to thousands of kilometers. In the context of human health, dispersal

of bacteria and viruses via coughing and sneezing, such as those caused by chicken pox,

measles, bacterial meningitis, and the famous 1.5 meter coronavirus social distancing rule

1



[34, 35] are all of interest within a few meters of the source. At several hundred meters

to kilometers, legionnaire's disease, a potentially deadly respiratory illness caused by the

spread of the aerosolized water containing Legionella bacteria, often spread from cooling

towers becomes important [9, 35], as do diseases spread from animal farms tens of kilometers

like avian in�uenza virus and Q-fever [9, 35]. Harmful algal blooms in oceans and lakes,

such as the red tide in Florida [27] release toxins into the air upon aerosolization of water

droplets, causing respiratory illness, and can be carried several kilometers inland [36].

For plant disease, Van der Heyden et al. [33] provides an extensive list of studies that monitor

spores from infected crops from plot-scale experiments (e.g., apple scab, onion Botrytis,

cucumber downy mildew) up to regional and national networks (wheat rust, Fusarium head

blight, soybean rust). This monitoring is intended to prevent and manage local epidemics

and large-scale spread, resulting in crop and �nancial losses [37]. Aylor [38] discusses the

risk of spread of apple scab disease, from fungal spores released from decaying leaves on the

orchard �oor, escape from the �oor, spread within the orchard, and spread between orchards

[28, 38] causing deformed fruit, while tobacco blue mold has caused several regional-scale

epidemics in the United States [28]. On the continental scale, Dillon and Dillon [35] discuss

the introduction of soybean rust into North America from South America via Hurricane

Ivan in 2004, with continued infestations following this event and resulting crop damage.

Mohaimin et al. [37] argue that across these same local-to-continental scales, dispersal of

crop-pathogenic bioaerosols is a major constraint on crop yield and food security [39].

Seeds are the larger than most other bioaerosols and far shorter dispersal distances. They

tend to disperse within tens of meters and 100 meters is considered long-distance transport[40,

41, 42]. Yet, the study of their dispersal is essential for tracking gene �ow for ecological

applications like natural forest regeneration [8],the spread of plant and tree populations

[19, 43, 44, 45, 46, 47, 48], and how climate change [49, 50] alters this spread.



Among bioaerosols, pollen has one of the most extensive dispersal literatures and is the pri-

mary focus of this dissertation. Pollen dispersal is studied primarily for gene �ow prevention

in agriculture and ecology. A major and current concern is the biocon�nement of genetically

modi�ed species, and prevention of their genetic drift through pollen dispersal at all scales

[10, 11, 12, 13]. There has been extensive work on this for maize pollen [51, 52, 53, 54, 55]

but other crops of interest include wheat and oilseed rape [56, 57]. Creeping bentgrass is

an example of potential ecological change caused by gene �ow from cultivated transgenic

populations to feral populations [58, 59]. Similarly, switchgrass pollen dispersal is closely

studied because it is often genetically modi�ed and has the potential to alter ecosystems,

particularly as it gains footing as a major biofuel source [11, 17, 18]. In our third chapter, we

feature a �eld study which measures and models switchgrass pollen dispersal. In our second

chapter, we study patterns in Cannabis pollen dispersal, speci�cally the long tails. Cannabis

pollen is light weight and produced in large quantities [60], and so its dispersal and potential

for cross-pollination at longer distances is of importance to the Cannabis industry. Long-

range monitoring and trajectory analyses show that pollen can travel hundreds to thousands

of kilometers, with birch and Cannabis pollen observed crossing national and continental

boundaries [23, 61, 62]. Pollen dispersal is also tightly coupled to climate, with projections

of changing allergen exposure or ecosystem shifts under future climate scenarios [20, 21, 22].

These studies illustrate that pollen dispersal spans the same local-to-regional scales as plant

pathogens, and they motivate the multi-scale, Lagrangian modeling framework developed in

this dissertation.



1.2 A framework for dispersal modeling

These scales, and the processes that dominate at each, motivate a range of modeling ap-

proaches for atmospheric dispersion. Most mechanistic atmospheric dispersion models can

be viewed as two coupled components: (1) a description of the underlying �ow and turbu-

lence and (2) the method of simulating dispersion, a representation of how passive or heavy

particles are transported within that �ow.

1.2.1 Flow underlying dispersal

The development of the wind �eld for dispersal hinges on several key assumptions. Over

what spatial and temporal scales is the dispersal occurring? At those scales, can stationarity

be assumed, and if not, what time resolution is required? Can horizontal homogeneity of

the wind �eld be assumed�is there terrain, is it �at, is it an idealized situation, or do

other processes take over at larger length scales? What horizontal resolution is required to

resolve those changes, the characteristics of the �ow, and the characteristics of interest in

the dispersal distribution? Can vertical homogeneity be assumed, or does surface wind shear

need to be accounted for?

At mesoscales (102 � 103 km), dispersal models like HYSPLIT [63], CMAQ [64], and FLEX-

PART [ 65] are driven by numerical weather prediction models (e.g. WRF [66], MM5 [67],

NCEP NAM [68]) and reanalysis products (e.g. ERA5 [69], MERRA-2 [70], NARR [71])

with horizontal grids on the order of 1 to 100 km [63].

For smaller scales (1 �K � 102 km), the diversity in wind-�eld development con�gurations

explodes, each designed for a di�erent combination of the key assumptions. At a high level,

dispersal models at these scales can rely on measurements, modeling, or some combination



of the two. Wind �elds via measurements can come from single sensors or multiple in the

�eld providing points of data over time, pro�les from a tower of sensors, a sodar, a weather

balloon, or a drone, and a network of measurements (e.g. NOAA National Data Buoy Center

(NDBC), METAR airport weather stations). CALMET for example, is a meteorological

pre-processor that uses data such as this in combination with physics-based adjustments to

produce a wind �eld for the dispersal model CALPUFF [72]. Modeling the wind �eld by

solving the governing equations of �uid motion over a gridded domain (DNS, LES, RANS)

can provide a much more detailed 3D wind �eld that could be time-varying, and can be

customized to �t a micro-scale domain of a few meters, for example to resolve escape of

particles from a plant canopy [73], or up to several kilometers, to model pollution over a city

[74].

1.2.2 Dispersal

For the dispersion component, most mechanistic models represent particle motion in either

an Eulerian or Lagrangian framework.

In a Eulerian framework, the transported quantity is the concentrationC(x; y; z; t) which

evolves according to an advection-di�usion equation on a �xed grid. This approach is natural

for coupling to chemistry, and underpins the large-scale chemistry-transport model CMAQ.

At smaller scales, it struggles to resolve sharp gradients in concentration such as those occur-

ring near the source [75], and would need a much �ner grid in order to do so. However, Pan et

al. (2014) reproduced observed particle concentrations inside the canopy roughness sublayer

using this approach [73]. The familiar Gaussian plume model is a further simpli�cation that

assumes stationary horizontally homogeneous �ow, a mean wind speed and eddy di�usivity

that are the same everywhere in the domain, and a continuous point source, leading to an



analytical solution for Gaussian-shaped dispersion that can be shaped by a number of factors

(the Pasquill-Gi�ord classes) [72]. The primary recommended dispersion model by the U.S.

EPA, AERMOD, is a sophisticated extension of the basic Gaussian plume framework that

incorporates vertical pro�les of wind statistics, terrain e�ects, and convective turbulence,

among others, into its prescriptions of Gaussian plume spread [76].

By contrast, the Lagrangian framework does not prescribe the shape of the plume in this way;

it handles turbulence more naturally. In a Lagrangian framework, the model instead tracks

the trajectories of individual particles through the wind �eld, and the ensemble average of

their paths produces the concentrationC(x; y; z; t). Lagrangian methods handle dispersal

near point and line sources and complex removal processes like wet and dry deposition

quite easily, on a particle-by-particle basis [31, 75]. However, they can be di�cult to scale

up, requiring far more particles to resolve larger domains, dispersal in three-dimensions,

and tail-end regions of low concentration. At regional to continental scales, widely used

operational Lagrangian models include HYSPLIT [63] and FLEXPART [ 65], which transport

large ensembles of particles on meteorological �elds from numerical weather prediction or

reanalysis products to simulate long-range dispersion and deposition [63, 77]. Similarly,

CALPUFF's Guassian pu� formulation, combines Lagrangian dispersal of a pu� with a

gaussian distribution to represent its expansion. [78]

Lagrangian stochastic (LS) models make up the bulk of modeling in the Lagrangian frame-

work, in which particle turbulent velocities are modeled statistically. They are an application

of Brownian motion to turbulent di�usion [ 79], in which each step of a particle's path is in-

�uenced by both random and deterministic motions, guided by the statistics of the local

wind �eld. In pollen, seed, and spore dispersal modeling, they are most commonly assumed

to be stationary within the dispersal time of an hour or less, horizontally homogeneous, and

they output what is essentially a time-averaged plume. They take as inputs vertical pro�les



of the �uctuating wind velocity statistics (variances and covariances) and mean horizontal

velocities, and assume that the mean vertical wind velocity is zero. These are often con-

structed using boundary-layer scaling [54, 79, 80, 81, 82], given input parameters like the

friction velocity u� , the Monin-Obukhov length L, the convective velocity scalew� , the sur-

face roughness lengthz0, and boundary layer heightzi . This framework has been applied

extensively to pollen, spore and seed disperal [30, 40, 45, 46, 49, 83], and has also been

extended to run in a time-varying capacity when driven by LES �elds [84, 85].

Within this framework, two related but distinct LS formulations have been used most widely

for daytime plant dispersal in the atmospheric boundary layer: a convective boundary-

layer (CBL) model and a surface-layer (SL) model. The CBL LS model was originally

developed for strongly convective conditions, in which turbulence in the bulk of the boundary

layer is driven primarily by buoyancy. It represents the skewed �uctuating vertical-velocity

distribution w0 in the convective mixed layer with a bi-Gaussian probability density function

[86]. As a result, it is able to reproduce plume-rise from the surface due to thermals and the

subsequent descent from the boundary layer top as rising air cools [75, 85] . In this way, the

CBL formulation can reproduce plume rise from surface sources and the subsequent descent

of material lofted toward the top of the boundary layer. Although it has been modi�ed to

include some surface e�ects, it may under-predict concentrations near the source at ground-

level [54]. Modi�cations have been made to incorporate surface layer e�ects into turbulence

production for the CBL model. Luhar et al. [87] developed a closure scheme to model skewed

turbulence that could reduce to Gaussian turbulence in the limit of zero skewness, closer to

the form used for surface layer turbulence. [54] introduced a parameterization that merges

surface layer wind statistics with convective boundary layer statistics. However, it does not

include the covariance terms known to be important in the surface layer [54].

One other common formulation for LS models assumes a jointly Gaussian distribution for



the �uctuating velocity components (u0; v0; w0), which can then include the covarianceu0w0

between horizontal and vertical velocities [79, 88]. The assumption of the gaussian vertical

velocities is well-suited for shear-dominated turbulence at the surface, and has produced good

agreement with near-source measurements of pollen and spore dispersal [29, 31, 53, 75, 89].

In the chapters that follow, we refer to it as the SL (surface-layer) LS formulation, where it

is mostly applied. While the SL model captures the spread and rise of the plume in unstable

conditions, it cannot simulate the subsequent fall of the plume downwind. The CBL model

would perform better at longer distances [54]. These tradeo�s motivate Chapter 4 of this

dissertation.

1.3 Research Objectives

Aerobiology and atmospheric dispersion modeling have developed over decades into a vast,

multidisciplinary �eld spanning microbiology, plant pathology, ecology, and atmospheric

science�countless bioaerosol dispersal applications with impacts on a continuous spectrum

of scales, simulated with an array of dispersal modeling techniques.

In light of this breadth of background, this dissertation focuses on three speci�c gaps in

the literature: (1) quanti�cation of cross-pollination risk for cannabis across seasons and

geographical regions, (2) measurement and modeling of GMO pollen from a small source in

low-wind conditions, and (3) validation of the two stationary LS models previously addressed

against a high-resolution time-varying particle dispersal model driven with LES.

These works are tied together by the use of Lagrangian stochastic models in di�erent spatial

scales, driven by di�erent meteorological inputs. Figure1.1 illustrates the overall modeling

framework for this dissertation.



Figure 1.1: The LS modeling framework used in each chapter. In Chapters 2 and 3, we
use mesoscale model inputs and local-scale meteorology inputs respectively to drive two
stationary LS model formulations. In Chapter 4, we use the time-varying LS-LES simulations
as a benchmark for the stationary LS formulations.

In Chapter 2, we use boundary-layer parameters and wind statistics from a mesoscale weather

model to drive regional-scale, two-dimensional LS simulations on a 50 km grid, applied

county by county across the continental United States. By coupling daytime convective-

boundary-layer (CBL) and nighttime surface-layer (SL) formulations, this chapter quanti�es

how cannabis pollen dispersal potential varies across regions and seasons under realistic

meteorological forcing. To the best of our knowledge, this is the �rst large-scale simulation

study of the inhomogeneity of pollen dispersal across regions and seasons.

In Chapter 3, we focus on near-�eld dispersal from a very small, transgenic switchgrass �eld

trial under predominantly low-wind conditions. Using a combination of novel measurement

techniques, together with local-scale LS modeling (three-dimensional SL formulation, appro-

priate for local scales), this chapter examines pollen transport within roughly 25 m of the



source and uses it to estimate pollen source strength, identifying diurnal trends.

In Chapter 4, we compare the two stationary three-dimensional CBL and SL formulations

driven with stationary wind statistics against PALM LES, a time-varying LS-LES simulation,

in a range of daytime convective conditions to systematically evaluate them and identify

when they are reliable and where they fail. To the best of our knowledge, there have been

no studies which validate these models in three-dimensions in a range of convective regimes.

These three projects provide a cross-disciplinary and multi-scale view of bioaerosol transport.

They combine tools from engineering mechanics (Lagrangian stochastic models and large-

eddy simulation), atmospheric science (boundary-layer turbulence and regime transitions),

and plant biology (hemp and switchgrass phenology, pollen traits, and cross-pollination

outcomes). Throughout, the modeling is anchored by what can actually be measured in the

�eld and by how dispersion information is used in practice by growers, regulators, and other

stakeholders. The remainder of this dissertation returns to these themes, using the regional

simulations, �eld campaigns, and LES comparisons together to ask not only how far and

where pollen can travel, but also which levels of model complexity are appropriate for which

types of questions.



Chapter 2

Cannabis pollen dispersal across the United

States1

2.1 Introduction

The 2014 and 2018 US Farm Bills legalized the production of industrial hemp (Cannabis

sativa) for cannabidiols, seed, and �ber[90]. This nascent industry has been challenged

by wind-blown cross-pollination between neighboring hemp �elds, leading to contaminated

seeds, reduced oil yields, and in some cases, mandated crop destruction [91, 92]. Financial

impacts reported in a 2022 Colorado survey[91] ranged from $12,000 to millions of dollars,

with an Oregon lawsuit alleging damages of over $8 million [93]. Economic modeling[92]

shows that the industry will transition away from cannabidiol hemp production entirely

without e�ective cross-pollination mitigation strategies.

As hemp production has only recently been legalized[90], there is a de�cit in hemp dispersal

research. The only study quantifying hemp pollen dispersal as a function of distance from a

known source is an experiment by Small and Antle (2003) [60]. They sampled hemp pollen

for three weeks at distances of up to 400 meters from a source �eld and observed signi�cant

deposition even at the edge of their domain, 17,000 pollen grains/m2/day, enough to �achieve

1This chapter has been published as: Nimmala, M., Ross, S. D., & Foroutan, H. (2024), Scienti�c Reports
14:20605,doi:10.1038/s41598-024-70633-x.
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excellent seed set�, i.e., successfully cross-pollinate. The authors noted that due to its small

size (� 30 microns) hemp pollen travels farther and deposits in greater quantities than other

wind-pollinated crops, and that it is proli�c�each male �ower can release up to 350,000

pollen grains, and there are potentially hundreds of �owers on larger plants [94]. A single

male plant can therefore release about 100 million pollen grains. Recommended isolation

distances are far greater than the experimental domain, typically varying between 1 - 5 km

[95, 96], but there have been reports of cross-pollination up to 20 km [97] and even 48-96

km away[91]. Two back-trajectory studies have demonstrated that Cannabis pollen likely

travelled over 200 km, from Northern Africa to Spain [61, 62]. This indicates that hemp

pollen has great potential for long-distance transport, and that the `fat tail' of the hemp

pollen dispersal kernel could play an outsized role in cross-pollination between �elds.

Dispersal modeling studies show that the fat tail in wind-borne dispersal is highly sensi-

tive to changes in meteorological conditions, particularly the combined e�ects of shear and

convective turbulence. During the day, solar heating of the surface induces a positive heat

�ux that creates large-scale convective updrafts. Shear-driven turbulence arises as horizon-

tal wind passes over rough surfaces. One study found that rising temperatures, correlated

with increasing heat �ux, led to a greater proportion of seeds traveling beyond 100 meters

in simulations[49]. Another found that sustained updrafts caused dandelion seeds to dis-

perse further, while horizontal wind speed did not play a factor [40]. In contrast, Soons et al

(2004)[45] found that horizontal wind velocity was the primary driver of downwind transport,

and heat �ux only played a role when wind velocity was low (< 4 m/s). Understanding such

patterns in variation of the tail would help inform cross-pollination mitigation strategies.

Two dispersal modeling studies have identi�ed seasonal and diurnal patterns in the variation

of wind-borne dispersal kernels. Oneto et al. [98] used the Hybrid Single-Particle Lagrangian

Integrated Trajectory (HYSPLIT) model to simulate fungal spores released at ten North



American locations in January, April, July, and October, 2014. They found a strong diurnal

pattern in average �ight times, with spores staying in the air longer during the day than at

night. They also observed seasonal changes, with the longest �ight times in July and lowest in

January. Savage et al. (2012)[30] simulated spore dispersal using hourly meteorological inputs

from a large-scale weather model at two towns in Western Australia for June and September

2007, early winter and early spring, respectively. They found seasonal and diurnal changes in

the number of spores travelling past 10 km, and di�erences between the two towns, aligning

with seasonal and diurnal changes in temperature and wind velocity. These studies suggest

contiguous spatial patterns in dispersal on a country-wide scale.

In this study, we seek seasonal and spatial patterns in pollen dispersal spanning the con-

terminous United States (CONUS), revealing regions more prone to cross-pollination. We

extend the methodology of Savage et al. (2012)[30], using meteorological data provided by a

mesoscale model simulation to drive Lagrangian Stochastic (LS) models of pollen dispersion

for each county in the United States over �ve months. The LS model is ideal for examining

the sensitivity of dispersal due to shear and convection, as it more naturally captures the

variations of turbulent �ow using stochasticity. It is an application of Brownian motion to

turbulent di�usion, in which the trajectories of many particles through the air are modeled

as random walks. By releasing thousands of particles and computing an ensemble average

of their trajectories, we can determine the relative concentration at any point in the domain

and the mean shape of the plume. Therefore, they require a fraction of the computational

resources of more resolved Eulerian models like Large Eddy Simulations. Although conven-

tional Gaussian plume models are computationally lighter than LS models, their treatment

of turbulence is more prescribed. Modi�cations have been made to incorporate e�ects like

convection in Gaussian plume models (for example, the AERMOD model [76]), but these

require more parameters and increase complexity [99].



We used two LS model formulations: a convective boundary layer model [54, 87, 100] for un-

stable (typically day) conditions and a surface layer model[31] for stable (night) conditions.

To drive the LS model, we used meteorological �elds obtained from a Weather Research

and Forecasting (WRF) model simulation over CONUS for the entire year of 2016 [101].

This high-resolution meteorological dataset, developed by the U.S. Environmental Protec-

tion Agency to support modeling applications, comprises an hourly time series of weather

conditions on a 12 km-square horizontal grid and has been extensively validated [102]. For

each county, we extracted the weather data at the grid point nearest to its centroid and

averaged across local noon and midnight hours for each month from July to November, to

represent average �day� and �night� conditions respectively. We performed LS simulations

for day and night conditions, for �ve months from July to November, for each of 3,107 coun-

ties in the CONUS, totalling to 31,070 simulations. In this study, we used 2D LS models,

in which we simulate pollen travelling in the downwind and vertical directions. From each

simulation, we compute a dispersal kernel by counting the number of particles which have

deposited in the simulation domain within 250 meter-wide bins up to 50 km downwind of

the source. The meteorological conditions are assumed to be statistically stationary and

horizontally homogeneous for each simulation.

To the best of our knowledge, this is the �rst simulation study of hemp pollen dispersal. It

is also the �rst large-scale simulation study of the inhomogeneity of pollen dispersal across

regions and seasons.

2.2 Results & discussion

Simulation of day and night pollen dispersion over �ve months reveals signi�cant seasonal

and spatial variations, particularly in the tail of the dispersal kernel. Each simulation yielded



a dispersal kernel, or number of particles deposited downwind from the source in 250 m wide

bins, normalized by the number of particles released. Figure2.1a and b show median day

and night dispersal kernels on a log scale by month for each of nine US climate divisions

[103], in order to compare between climatically di�erent regions. We observe depositions up

to 50 km downwind, the edge of our domain, which is the limit of applicability of our LS

model.

2.2.1 The tail of the dispersal kernel varies seasonally and spatially.

Simulations of day and night pollen dispersion over �ve months yields variation only in the

tail of the dispersal kernel. For all climate regions, in both day and night conditions, Figure

Figure 2.1: Median dispersal kernels for each month during (a) daytime and (b) nighttime,
separated by US climate region: Northeast (NE), Upper Midwest (UM), Ohio Valley (OV),
Southeast (SE), Northern Rockies & Plains (NRP), South (S), Southwest (SW), Northwest
(NW), and West (W). Dispersal kernels are formed by counting depositions within 250 meter-
wide bins up to 50 km downwind of the source, normalized by the amount released. Shading
represents data between the 10th and 90th percentiles. Note that the vertical axis is a log
scale.



2.1 shows a steep decline in depositions by two orders of magnitude within the �rst few

kilometers of the source. Approximately 70% of simulated pollen is deposited in the �rst bin

alone for all cases. Figure2.2a shows that across all simulations, dispersal kernels decreased

to 1% of released particles within 3 km of the source. Although there is a slight increase

in distance for nighttime conditions, this region of steep decline is indistinguishable across

counties regardless of region and seasonal weather changes.

Figure 2.2: Distances at which dispersal
kernels �rst fall below a threshold: (a)
1%, (b) 0.1%, and (c) 0.01%. Red rep-
resents day simulations, while blue repre-
sents night.

Figure 2.3: Heat map of 0.01%-distances
averaged over all day and night simu-
lations from July to November for each
county.

While this steep decline in depositions appears to support commonly-used hemp isolation

distances (< 5 km [95, 96]), even 1% of 100 million pollen grains would result in 1 million

pollen depositing at that distance. In Figure2.2b, lowering the threshold to 0.1% of released

particles results in far more spread, 1-10 km during the day, and 10-15 km at night. Further

decreasing the threshold to 0.01% results in distances varying throughout the entire domain,

as shown in Figure2.2c. This fat tailed deposition kernel is common for wind-dispersed



species[23, 104], and poses challenges when computing the risk of rare events in the tail,

e.g., burning embers from a wild�re[105] or cross-pollination. For hemp in particular, the

Small and Antle experiment [60] provides evidence that even reduced depositions at the

tail of the distribution can result in e�ective cross-pollination. Given the proli�c nature of

hemp pollen, potentially massive �elds, and reports of hemp pollen travelling well beyond

established isolation distances, the fat tail of the dispersal kernel becomes necessary to assess

cross-pollination risk [23, 53].

We �nd that the tail of the dispersal kernel below the 0.1% and 0.01% thresholds and beyond

3 km, shows considerable variability. Figure2.2b and c show stark di�erences between day

and night simulations, driven by diurnal di�erences in wind conditions. For more detail, see

Supplementary Figure S4. Below the 0.01% threshold, we observe a large spread in nighttime

threshold distances and two peaks for day simulations, which point to large-scale regional

and seasonal shifts in wind conditions.

2.2.2 Daytime seasonal and spatial patterns.

In Figure 2.1, daytime dispersal kernels for all climate regions exhibit a steady rise from

July to November. This increase is responsible for the second peak in daytime 0.01% thresh-

old distances, which is dominated by simulations later in the season. Although all regions

experience increase over the season, the Southwest region maintains the least depositions

throughout. In the peak summer months of July and August, the Southwest region experi-

ences the lowest depositions, as do the Northwest, Northern Rockies & Plains, and Northeast.

By October and November these latter three regions exhibit an almost 10-fold increase, shift-

ing from relatively low depositions to the highest, on par with the Upper Midwest and Ohio

Valley.



Seasonal shifts are most apparent between 5 and 10 km downwind, where overall depositions

increase by nearly an order of magnitude. At this distance, Figure2.1 shows a distinctive

local minimum near the source for nearly all simulations. The daytime dispersal dip in

an otherwise monotonically decreasing curve is due to updrafts from convective turbulence

[106, 107], and can be interpreted as a region of relatively less deposition, or a �pollen shadow�,

in the near-�eld downwind of the source. Beyond the pollen shadow, there is relatively less

seasonal and regional variation in depositions, indicating that in daytime, these downwind

distances are not as strongly tied to patterns in underlying meteorological parameters.

Mapping out daytime deposition values in Figure2.4a at 5 km, 10 km, 20 km, and 35

km downwind reveals contiguous, large-scale seasonal and spatial patterns. Within the

pollen shadow, at 5 km downwind, Northern counties are the �rst to experience increases

in deposition. From September, we see a region of higher depositions in California and the

Upper Midwest. That region extends to the northernmost counties by October, coalescing

into a band above about 40� N latitude in November. Further downwind, beyond the pollen

shadow, this pattern of northern seasonal increase is not as apparent; only the Southwest

stands out with the lowest depositions throughout the season.

We observe the lowest depositions in simulations with higher boundary layer height,zi , and

greater convective velocity,w� . High w� and zi together indicate greater buoyancy associated

with the surface heat �ux and more convective turbulence [108]. Scatter plots and correlation

values between daytime depositions and these meteorological parameters are provided in

Supplementary Figure S2 and the monthly heatmaps are shown in Supplementary Figure

S6. High convective conditions in summer leads to more pollen uplifting and less deposition,

particularly in the pollen shadow. More pollen is uplifted, carried far from the source, before

descending in small quantities at great distances. A reduction in convective conditions from

summer to fall explains the pattern of deposition increase for northern regions, particularly
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