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ARTICLE INFO ABSTRACT

Keywords: Heterogeneity in surface fuels produced by overstory trees and understory vegetation is a major driver of fire
Tree litter behavior and ecosystem dynamics. Previous attempts at predicting tree leaf and needle litter accumulation over
Modeling time have been constrained in scope to probabilistic models that consider a limited number of key factors
]I:Ie;‘:i; influencing tree litter dispersal patterns and decomposition processes. We present a mechanistic model for

estimating variation in surface fuels called the Distribution of Understory using Elliptical Transport (DUET).
DUET uses a pre-generated voxelated canopy array and distributes the leaf litter from the trees in an elliptical
shape based on tree species characteristics, wind data, and location-specific features. DUET then calculates grass
growth between trees and around the litter patterns and sets moisture levels based on relative humidity. In this
study, we use DUET to simulate spatial distributions of leaf litter and illustrate model sensitivity to several
parameters, providing inputs for testing fuel spatial heterogeneity impacts on fire behavior using process-based
models.

Surface fuels
Prescribed fires

1. Introduction for predicting prescribed fire behavior, marginal fire spread, as well as

flanking and backing portions of wildfires (Atchley et al., 2021; Camp-

The spread and intensity of wildland fire is determined by an inter-
play between elements of the fire environment, including fuels, weather,
and topography (Agee, 1996; Rothermel, 1972). Fire behavior sensi-
tivity to fuel heterogeneity depends on fire intensity and qualities of the
fire environment. In low wind and low intensity fire scenarios, fire
behavior can be particularly sensitive to the distribution of understory
or surface fuels, consisting of live herbaceous vegetation, shrubs, and
dead leaf litter (Dell et al., 2017; Hiers et al., 2009; Loudermilk et al.,
2017; Prior et al., 2018; Stephens et al., 2004). Accounting for the
spatial distribution and heterogeneity of surface fuels is thus important

bell-Lochrie et al., 2021; Linn et al., 2021). Recent work has highlighted
fire behavior sensitivity to surface fuel distribution for a variety of
ecosystems through observation (Loudermilk et al., 2014; O’Brien et al.,
2016; Skowronski et al., 2020) and modeling (Coen et al., 2020; Hoff-
man et al., 2018; Linn et al., 2021; Loudermilk et al., 2011; Parsons
et al., 2017).

In addition to wildland fire behavior, tree litter deposition patterns
affect ecosystem dynamics by supplying soil nutrients through leaf,
bark, and catkin litter decomposition (Midgley et al., 2015). Several
studies have examined how different tree species’ litter affects soil
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nitrogen and carbon (Lin et al., 2017; Prescott and Grayston, 2013; Trap
et al., 2017). More precise representation of spatial litter distributions
may lead to a better understanding of ecosystem changes due to litter
accumulation from various tree species within forests or wetlands
(Stoler and Relyea, 2011), and potentially how patterns of decomposi-
tion influence fire effects (Arthur et al., 2012; Carpenter et al., 2020;
Stephens et al., 2004).

Heterogeneous tree litter and grass patterns are influenced by
various factors, including overstory structure and prevailing winds,
which affect when it falls from trees or shrubs, where foliage lands, and
how it influences grass distribution and density through indirect effects
on resources (Jonard et al., 2006; Pecot et al., 2007; Riegel et al., 1992;
Staelens et al., 2003). Once on the ground, other processes redistribute
and decompose the litter material (Forrester and Bauhus, 2016; Gar-
cia-Palacios et al., 2016). A number of factors can alter the trajectory of
leaves when they fall from the tree, including the shape of the needles or
leaves, the height from which they fall, and local winds at the time when
they fall (Nickmans et al., 2019). Decay variability, which depends on
climatic conditions, species litter characteristics and chemistry, mois-
ture retention, packing density etc., can change the depth and loading of
the localized litter accumulation, the nutrient composition of the soils,
and the moisture levels present at any given time (Adair et al., 2008;
Arthur et al., 2012; Babl-Plauche et al., 2022; Berg and Lonn, 2022;
Cornelissen et al., 2017; Keane, 2008; Mitchell et al., 1999).

Traditional sampling methods for obtaining accurate and spatially-
explicit estimates of the dynamic heterogeneity of surface biomass
require considerable investment in personnel, time, and money (Keane
and Reeves, 2012; Tinkham et al., 2012). At stand scales (<100 s of ha),
scientists and managers commonly combine surface biomass sampling
approaches with other forest and rangeland inventory methods to esti-
mate the fuel load at landscape or prescribed fire burn block scales for
various fuel strata (i.e., surface and canopy fuel layers). Terrestrial lidar
has been used to characterize more localized (radius of 10 s of m) fuel
load in strata (Bright et al., 2017; Jarron et al., 2020; Loudermilk et al.,
2009). Lidar techniques and photogrammetric methods (Keane et al.,
2012) show success when representing surface fuels (Rowell et al.,
2020). However, they are associated with great financial and labor costs
when employed at landscape scales (Silva et al., 2016). Aerial lidar can
be used at much larger spatial scales, and while it can be used to some
degree to map coarse woody debris (Seielstad and Queen, 2003) or
shrubs (Gajardo et al., 2014), it is limited in its ability to detect lower
strata surface fuels such as litter or grass, due to both signal noise and
occlusion. Consequently, most studies using aerial lidar have focused on
characterizing the canopy fuel layer and individual tree properties such
as tree crown diameter, stem spatial-density, basal area, and biomass in
several locations (Goodwin et al., 2006; Hudak et al., 2008; Hyde et al.,
2006; Ruiz et al., 2014; Silva et al., 2016). Litter and grass continue to be
difficult to map with remote sensing, so spatially explicit data capturing
their patterns at large extents is difficult to find.

Most previous work modeling litter dispersal employs probabilistic
approaches. Ferrari and Sugita (1996) created an exponential model
based on stem location, which Staelens et al. (2003) expanded to include
wind influence. Jonard et al. (2006) used a ballistic and a Weibull dis-
tribution approach that incorporated height of maximum crown radius,
which was also used by Nickmans et al. (2019) to determine soil nutrient
characteristics. Linn et al. (2005) used the vertically integrated canopy
foliar mass above a location to infer litter and grass patterns, but this
approach led to litter being only located directly under trees. The Jon-
ard et al. (2006) model assumed all leaves were released from the center
of the tree at the height of maximum crown radius and it modeled leaf
dispersal patterns using a seed dispersal model designed by Greene and
Johnson (1989). Although there is value in each of these approaches,
they miss some of the processes that impact litter dispersal, such as
variation in heights and locations of trees from which leaves and needles
fall, species-specific leaf and needle characteristics, and dominant sea-
sonal wind events, which can create direction bias in litterfall
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heterogeneity.

Here, we describe a mechanistic model called the Distribution of
Understory using Elliptical Transport (DUET), using a frequently burned
longleaf pine woodland in the southeastern U.S. as a case study. Two
tree species with different canopy and leaf shapes (pine needles vs.
broad leaves) are used to test the model. DUET uses simplified fall tra-
jectories to determine leaf litter and grass spatial patterns from a given
overstory structure with specified wind conditions. For brevity, we
define leaf litter as only dead leaves and needles. We propose a meth-
odology to model leaf and needle shedding from trees, accumulation on
the surface, decay and compaction over time, and the effects of litter
buildup on grass growth. The model uses elliptical dispersal regions to
represent the area covered by litter as a function of winds and aero-
dynamic characteristics of falling foliage, based on surface area and drag
coefficients approximated from the average size and shape of an indi-
vidual leaf. We verified the methodology by testing changes in tree
height, size and shape of an average leaf, drag coefficients, and wind
variance.

2. Methods
2.1. Model design

DUET accesses canopy structure data stored in three-dimensional
voxelated density arrays and produces a discretized spatially explicit
array of litter deposited on the ground resolved at meter scales. The
deposition region from a voxel within the tree canopy is an elliptical
area defined by gravity, local wind estimates, and aerodynamic drag of
the foliage that is falling. Models are then used to account for litter decay
and compression effects according to each species’ characteristics, and
grass growth is predicted based on tree shade and litter cover patterns.

2.2. Foliage trajectory and deposition

DUET uses species-dependent foliage bulk density for each canopy
location in an explicitly resolved forest, woodland, or shrub layer within
the domain of interest as input. Bulk density values are provided in a
three-dimensional voxelated array. Such arrays can be developed from
field measured or remotely sensed data (Linn et al., 2005; Parsons et al.,
2018; Pimont et al., 2016). Voxel size depends on the application, but for
the purposes of this work, we choose voxel resolution of 1 or 2 m,
depending on the simulation.

We assume that in the absence of wind, the foliage from each voxel
falls predominantly downward with some oscillating lateral movement
due to its unstable aerodynamics. This lateral movement during the fall
creates a cone of flight paths from each canopy location that intersect
the ground within a circle of radius, rgunq, measured in meters. If the
ground is flat, rgoung represents a minimally sized circular deposition
footprint since any other trajectory induced by the presence of wind will
be a longer distance with more dispersed patterns. This is not strictly
true for sloped ground, which will be addressed in future work.

The radius of the resulting deposition pattern is dependent on the
time (in seconds) the leaf requires to fall, t;,, and the lateral distance the
leaf could travel during that time, assuming minimal wind activity. We
assume that the leaf reaches terminal vertical velocity quickly and
therefore tzy is defined using the height off the ground, He, divided by
the terminal velocity, Viemina; Vierminat 1S dependent on the average mass
and surface area for a leaf or needle for each species, mys, and Ay, the air
density for the area, p,;,., the acceleration due to gravity, g, and a pre-
defined drag coefficient for the leaves or needles, Cy, either from liter-
ature or species-specific measurements, if available Egs. (1) and (2).
tan = _He (€D)]

Vierminal
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Fig. 1. Transformations from wind information for determining dispersal region of leaf or needle fallout; aligned wind stretch is defined using standard deviation
multiplied by fall time in the direction of the mean wind trajectory; perpendicular wind stretch is determined by standard deviation multiplied by fall time at 90° to
the mean trajectory; rotation and displacement are determined by the mean wind speed trajectory. For more information regarding the elliptical equations defining

the dispersal region, please see Appendices A and C.
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Fig. 2. Configuration for the change in major radius of the ellipse when center is displaced.
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To calculate rguna, we define the effective radius of the voxel of
horizontal dimension dx x dy to be the radius of the deposition circle if
the foliage was located just above the ground when it fell, ry, =
v/dxdy/=. We then add to this minimum radius a distance contributed
by oscillating lateral movement, r,, of the foliage as it falls from some
height > 0:

Yeround = Fmin + Fose (3)

For information regarding how r, is defined, please see Appendix A.
Given the circle with radius rgunq meters, located at coordinates
(xc,¥c) on the ground below the canopy location, we now perform

displacement, stretching, and rotation to this circle to find the dispersal
area for the foliage (Fig. 1). These transformations deform the circle into
an ellipse centered at (cy, ¢y) with radii rimgjor and rminor, aligned along
angle 6. To define these transformations, we use mean horizontal wind
velocity components in the x and y directions, u and v, and their standard
deviations, o, and o,. At the very least, this methodology requires esti-
mates of wind velocities during the time when foliage is falling for each
year since the last burn. If more information is available regarding the
winds throughout the area, the model allows for the option to separate
the year into equal sections (monthly, 4 seasons, 6-months, etc.), each
with their own wind velocity components. This offers the opportunity to
designate a particular time of year for each specific species to drop their
foliage (as different species of trees might drop their foliage at different
times of year) and implement related wind conditions for that time.
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Using tg,, the mean horizontal displacements in the x and y direc-
tion, D, and D), for the elliptical region can be computed by integrating
the horizontal wind velocity over this time. For a discretized spatial and
temporal system such as DUET, this collapses to Dy = uxtfy and

Dy = uytyyy, because of the terminal velocity approximation (gravi-
tational force and drag force are equal) that translates to the foliage
moving horizontally as the speed of the surrounding air. See Appendix B
for the mathematics of this reduction. By adding components of
displacement in the x and y directions, the net average horizontal

— —
movement of the foliage can be represented as the vector D =D, i +

DyT' (where i and 7 indicate the directions aligned with the x and y
axes). The displaced center of the elliptical region for dispersal of the
leaves or needles, (cy,cy), can be computed as ¢, = x. + Dxand ¢, = y. +
Dy where (x.,y.) is the center of the voxel distributing its leaves.

As the circle is displaced to a new location using u and v, the angle of
incidence for the cone becomes an ellipse as shown in Fig. 2. The ellipse
is now assumed to be aligned such that the major axis is directly in line

with the displacement vector, D. When the circular cross section with
radius rgroung Of the dispersion path takes on an angular trajectory onto
the ground some non-zero horizontal distance from (x.,y.), the projected
pattern on the ground is much more elliptical in nature. The projected
ellipse is modeled with a minor axis that remains rguq, and the major
axis will be stretched into rgg, to account for the angle of incidence fall
trajectory and the ground:

2 RmP
, Terouna\| He™ + ‘D‘
_ Tground _

disp — B 4
Tdisp siny Hc @

which equals 7goyng for D =o.
The rotation of the ellipse is determined by calculating the angle

between u and v to align it with the displacement vector, D (Fig. 2).

For the two stretches, the standard deviation of the winds directly
affects the breadth of the dispersal region. For instance, for high stan-
dard deviations in wind direction, the ellipse will be stretched into a
broader area than for low standard deviation. This is to account for areas
in which vast changes in wind directions occur rapidly during the time
when the leaves are falling. See Appendices A and C for more informa-
tion regarding the mathematical equations used to define these
transformations.

2.3. Mass dispersal within the elliptical region

Once the elliptical region is defined, DUET disperses a portion of the
mass for each species from a canopy voxel to a particular location in the
elliptical region. Each species drops a fraction of the mass within the
voxel that is shed per year, 4, or per time period during the year when
foliage is shed, tgrop- 4rop is calculated using the inverse of the number of
years a species requires to shed its entire canopy, agrqp; €.8., longleaf pine
(Pinus palustris) needles are retained for two years (Stowe, 2019). Thus,
Qgrop = 2 which makes {4, = 1/2 and thus each year 1/2 of the mass
within a voxel populated by longleaf pine needles will be dispersed.

As foliage falls along a mean trajectory, we assume that the distri-
bution of the foliage within the deposition region is at its maximum at
the center. Since the ellipse defines the outer limit of the potential de-
viation from the mean fall trajectory the foliage may achieve during its
descent, we assume that the deposition load declines linearly from the
center to any location on the perimeter of the deposition region. This
means that the distribution of the foliage takes on a conical shape, so
that the peak of the cone is located at the center of the ellipse, where the
mean trajectory intersects the ground, and the distribution reaches zero
at the perimeter of the elliptical fall pattern. In the absence of wind, as
the dispersal region is circular, this process creates a circular cone dis-
tribution; in the presence of a wind field, the cone takes on the elliptical
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base for surface deposition.

Since the integrated mass over the elliptical area is {4, times the
mass within the source canopy cell, m;, we can solve for the maximum
mass of the conical distribution, myq., which occurs at the center point
of the ellipse, (cx,cy). We use the equation for the volume of a cone using
the elliptical radii, Tmgjor and Tiinor:
gdr{)pmt‘ = %ﬂr ‘major VminorMmax —> Mipax = M 5)

T major Vminor

Once the maximum of the conical distribution is known, the depos-
ited mass of the litter at any given point within the elliptical region can
be calculated using a linear function with m,,, as the y-intercept. See
Section 2.6 for the numerical calculation of the mass dispersal.

For each year since the region was last burned, the elliptical depo-
sition region is identified for foliage falling from all canopy voxels with
foliage in them, and the resulting mass depositions are accumulated in
appropriate ground-level voxels. This produces a layering effect with
each layer tracked separately, representing the litter fall per year within
the simulation where total litter load is the sum of the layers in one
voxel.

2.4. Litter decay

Decay is an important process controlling litter mass. Olson (1963)
illustrates well how variables decay among ecosystems. We postulate
that the loss of litter mass accumulated per year, Mjjuer year, With a decay
rate for species s, Dsyeqr, can be written:

amlin‘er,yeur

ot

For mass accumulated in a single year, this becomes

= —DsyearMiister.year (6)

=D year )

Miigter.year = (1 —e Miiter.year—1 (@]

Litter is dispersed per year with various wind conditions, which re-
sults in heterogeneous spatial deposition each year. We can imagine this
as laying down variably thick litter layers across the forest floor, a layer
for each year (or potentially season, depending on the species and
location). As annual layers build up in different areas, the decay rate for
each of these layers is affected by the number and thickness of layers that
have accumulated above it (older layers are likely to have more mass
above them). Thus, Ds .. might be greater due to moisture retention and
compaction when greater mass of litter is stacked above a specific year’s
layer by litter falling in more recent years (Mueller et al., 2021; Ste-
phens et al., 2004).

For this proof-of-concept demonstration, we approximate the annual
decay of year layer, Dsyeqr, with the most recent year of deposition
defined as Y,, with the linear function:

Yy
DS‘year = Z CP, sMiitter j ®

j=year+1

where CP; is a species- and area-specific compaction rate, and myr; is
the mass of the litter deposited in this area during year j. Then we have:

omy; Y
itter year
= - § CP sMitter.j | Miitter,year )
ot =
Jj=iy+1

OMass gecum azjilmlitter.j - !
o = o = - Z Z CPsml[uer,k Mijsgerj + Miitzer,y, 10)

j=1 [ k=j+1

There are two long-term effects that result from this increasing decay
rate with increasing depth: 1) the rate of change of the litter mass with
time since last burn decreases with time and can stop changing when
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Fig. 3. Voxelated density array produced by DUET for use within HIGRAD/
FIRETEC fire behavior simulations; the star is the location of a canopy voxel
which is located in the 10th vertical cell; wind values used include u = 9 m/s, v
= -9m/s, 6, = 5m/s, and 6, = 12 m/s.

Y,

Y,
Z CP.&mliuer.k:l Myjsgerj = My, (11)

=1 Lk=+1

and 2) over many years there is an homogenization of litter loads as
locations where large amounts of litter falls also eventually gain higher
decay rates (Stephens et al., 2004).

2.5. Grass production

Grass production is affected by light availability, belowground
competition, and inhibition from accumulated tree litter (Hiers et al.,
2007; Montgomery et al., 2010; Pecot et al., 2007). The amount of grass
is influenced by a litter cover factor 4; (Eq. (11)), determined by the
amount of litter covering the ground in a particular voxel, along with a
shade factor, 4s; (Eq. (12)), determined by the voxel with the maximum
density located above the voxel (x,y). Each of these factors are divided
DY Pmaxspecies> the maximum density of a given species that can exist
within a particular voxel.

min(

4 Plitter> pmax.:pecie:) (12)

P, max.species

2y = % (P (2) )

pmax,spec[es
Once these factors are determined, grass growth is calculated by
taking a fraction of the maximum annual grass growth for the area,
8rasSann max N Mass/year:

—(81A1+8s4s)

grassyy, = e 8rass g max 14

For maximum litter and shade cover, 4, = 4, = 1, and Eq. (14)
simplifies to e~@*&), where g and g, represent the maximum inhibition
of grass growth within the given area for litter cover or shade, respec-
tively. Note that if py,, and max; (P, (2)) are equal to 0, we have e™°
=1, and there is no reduction in grass growth.

For circumstances in which only the average value of grass growth is
known, we normalize these values by finding the average value for the
grass across the entire domain using the sum of all of the grass values for
every voxel, grassyy, and dividing by the number of cells in the domain,
H,H,, with H, = total voxels in the domain in the x direction, H, = total
voxels in the domain in the y direction:
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., 87aSSxy

H.H, as

8rass,, =

2.6. Numerical implementation

DUET has been designed to create numerical simulations of litter and
grass for a designated virtual environment. The inputs for the system
include a canopy voxel array and information regarding species and
stems per hectare for the area to be simulated. The outputs for the sys-
tem were designed to be usable by various existing fire or ecosystem
models.

2.6.1. Model inputs

DUET simulations begin the year of the last burn, in which the pre-
viously existing grass and litter have been consumed, leaving no grass or
litter on the ground. This can potentially be adjusted for existing grass
and litter in future work. The provided density array for the shrub or
canopy fuels that exist in the area, p;, must be four-dimensional with
three spatial dimensions per species (fourth index is species), assuming
no litter or grass. The first layer of this array may contain shrub or
canopy fuel, however, as some species stretch into the ground-level
voxels (depending on height to foliage on plants and vertical extent of
the first cell).

A list of species-specific characteristics, and a list of wind values must
also be provided. The species-specific values required include the
maximum density of a Species, Ppqy species> average crown bulk density
within the tree, Pavg> AN AVErage mass for a single leaf or needle, my,;, an
average surface area for a single leaf or needle, Ay, a drag coefficient for
the leaf or needle, Cy, a compaction rate, CP;, a moisture level for the
live leaf, M;, and a timestep during which the leaves will be dropping
from the tree, t4,. For instance, the drag coefficient, C4, can be
approximated based on the shape of the leaf: a pine needle resembles a
thin cylinder which could be approximately Cq4 = 0.6, whereas a
broadleaf resembles a piece of paper, which could be approximately
Cq =2.43.

Wind information must be provided for the area per time step.
Although typically we use year-length time steps, the model can also use
shorter time steps to account for the various times during the year that a
particular species will lose its canopy. The wind file must list the year,
the step during the year, y;, and the corresponding average wind speeds
in the x and y directions at canopy height, u and v, along with their
standard deviations, ¢, and o,. These can be directly measured for the
area, or obtained from gridded meteorological datasets based either on
observations [e.g., Livneh (Livneh et al., 2013) or the Gridded surface
Meteorological dataset (Gridmet) (Abatzoglou, 2013)], downscaled
climate model simulations [e.g. Multivariate Adaptive Constructed An-
alogs Comparison Project Phase 5 (MACA CMIP5) (Abatzoglou and
Brown, 2012)], or fine-scale atmospheric simulations [e.g. HIGRAD
(Dupuy et al., 2011; Koo et al., 2012)]. If a fine-scale atmospheric model
is used, the wind field presents as u and v values for each voxel in the
domain array based on the vegetation structure itself, and DUET will
calculate the u, v, 6,, and o, values for the vertical column corre-
sponding to the canopy voxel dropping its leaves.

2.6.2. Numerical density calculations

Once the deposition distribution pattern for foliage originating from
a particular canopy voxel and species has been defined by the equations
in the previous sections, the mass of the foliage is added to the appro-
priate ground-level voxel. The mass contribution from each canopy or
shrub voxel that contains m, foliage bulk density to each of these ground
voxels, my,, is calculated using a weighting system based on the conical
distribution model discussed above:

ln ’
S L5) 1e)

Zfllln(xs)')
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Table 1
Species specific parameters for short versus tall tree simulations.
Height Height to Max crown radius Canopy Base height Mieqf SAjeaf Decay Drag Compact  Drop per
(m) (m) (m) ®) (ecm?) (%/yr) Coeff year
Short, Conifer 10 7 5.5 1 0.5 1 0.6 0.2 1/2
Tall, Conifer 20 14 11 1 0.5 1 0.6 0.2 172
Short, 10 0 0 2.04 168 0.5 2.43 0.2 1
Broadleaf
Tall, Broadleaf 20 0 0 2.04 168 0.5 2.43 0.2 1
Table 2 with (cx,cy) as the coordinate of the center of the ellipse and (Ey, Ey) as
able

List of all simulations performed to test various attributes of DUET; PHT = Pine
Height, OHT = Oak Height, DCO = Drag Coefficient, DECAY = Decay rate tests,
LD = Large Domain, and WFIELD = Windfield; NWNS = No Winds, No Standard
deviation; HWNS = High Winds, No Standard deviation, NWHS = No Winds,
High Standard deviation; and HWHS = High Winds, High Standard deviation.

Simulation Perturbed Domain m/ Trees Winds (m/
Name Parameter Size cell s)
CTH_NWNS Tree height 35 x 35 1m Conifers: u,v,6,4,0y =
x 25 cells 1-10 m, 0
1-20m
CTH_HWNS Tree height 35 x 35 1m  Conifers: u,v,0y,0y =
x 25 cells 1-10 m, 15,15,0,0
1-20m
CTH_NWHS Tree height 35 x 35 1m Conifers: u,v,6y4,0, =
x 25 cells 1-10 m, 0,0,8,8
1-20m
CTH_HWHS Tree height 35 x 35 1m Conifers: u,v,0y,06, =
x 25 cells 1-10 m, 15,15,8,8
1-20m
BTH_NWNS Tree height 35 x 35 1m Broadleaf: u,v,0y,0, =
x 25 cells 1-10 m, 0
1-20m
BTH_HWNS Tree height 35 x 35 1m Broadleaf: u,v,04,06y =
x 25 cells 1-10 m, 15,15,0,0
1-20m
BTH_NWHS Tree height 35 x 35 1m Broadleaf: u,v,0y,06, =
x 25 cells 1-10 m, 0,0,8,8
1-20m
BTH_HWHS Tree height 35 x 35 1m Broadleaf: u,v,0y,06, =
x 25 cells 1-10 m, 15,15,8,8
1-20m
DCO_NWNS Drag Co = 35 x 35 1m 2 Identical u,v,6,,06, =
1.28 and 0.6 x 25 cells Conifers 0
DCO_HWNS Drag Co = 35 x 35 1m 2 Identical u,v,64,06y, =
1.28 and 0.6 x 25 cells Conifers 15,15,0,0
DCO_NWHS Drag Co = 35 x 35 1m 2 Identical u,v,0y,06, =
1.28 and 0.6 x 25 cells Conifers 0,0,8,8
DCO_HWHS Drag Co = 35 x 35 1m 2 Identical u,v,6y4,0y, =
1.28 and 0.6 x 25 cells Conifers 15,15,8,8
DECAY_0.1 Decay 200 x 2m 2163 trees — u,v,0y4,0y =
factor = 0.1 200 x 41 Oak and 0
cells Pine
DECAY_0.5 Decay 200 x 2m 2163 trees — u,v,0y4,0y =
factor = 0.5 200 x 41 Oak and 0
cells Pine
DECAY_1.0 Decay 200 x 2m 2163 trees — u,V,0y4,0y =
factor = 1.0 200 x 41 Oak and 0
cells Pine
WFIELD Wind field 200 x 2m 2163 trees—  Wind field
200 x 41 Oak and developed in
cells Pine HIGRAD

I, is the relative height of the cone distribution pattern within voxel
(x,y), and E, is the total number of surface voxels contained within the
entire elliptical deposition region associated with this source canopy
voxel. [,(x,y) is defined as:

2 2

+ (cy - y)
\/(cx - E,,()2 + (cy - Ey)2

(Cx - x)

ln(x7y) =1~ (17)

the corresponding coordinate for the edge of the ellipse such that there
exists a straight line that passes through (cy, ¢y), (x,¥), and (Ex, Ey).
Appendix C fully defines the equations for E, and E,.

To illustrate how the numerical model applies the conical distribu-
tion for a given ellipse, Fig. 3 shows the predicted litter bulk density at
each of the surface voxels within the defined elliptical region from a
single canopy voxel located 20 m high with wind values of u = 9m/s,
v = —9m/s, 6, = 5m/s, and 0, = 12 m/s:

3. Results
3.1. Simulation setup

3.1.1. Tree maps

We consider four synthetic forests to examine the effects on litter
dispersal of several species and environmental characteristics including
the impact of tree height, drag coefficients, wind influence, average leaf
surface area, and decay factors. To show the impact of tree height, we
developed two maps with generalized species characteristics (a conifer
species and a broadleaf species), each with a single small tree and a
single large tree. Table 1 reports the specific measurements used in these
short versus tall simulations. Note that the drag coefficients, compaction
rates, and drop rates are nondimensional parameters.

These parameter values represent average relative relationships
developed from a dataset collected at Eglin Air Force Base in Florida,
described in further detail below.

Drag coefficients are used to distinguish fall trajectories for conif-
erous needles versus broadleaves. We use a drag coefficient of 2.43 for
the broadleaf described above, a relatively flat leaf that will have more
oscillations due to the larger surface area than the conifer. For a conif-
erous needle, which has less surface area and therefore will oscillate less
as it falls through the air, we use a drag coefficient of 0.6. A map using
two identical trees at 10 m tall, 5 m height to maximum crown radius,
and 0 m canopy base height with drag coefficients 0.6 and 2.43 com-
pares drag coefficient effects.

We also test the model in a domain populated using tree measure-
ments collected at Eglin Air Force Base in Florida in 2008 (Ottmar et al.,
2015), a xeric longleaf pine (Pinus palustris) sand-hill forest and grass
area with a subtropical climate. The recorded tree locations span an area
of approximately 67 m x 106 m. The terrain in this area was without
slope at that scale. We used this tree dataset to populate a 400 m x 400 m
domain at 2 m lateral resolution using random sampling of the original
dataset while preserving measured stem density for a total of 2163 trees
in the domain. This dataset included two species of trees: longleaf pine
(Pinus palustris) and turkey oak (Quercis laevis). We used this tree map to
test various decay factors and wind field effects.

3.1.2. Wind conditions

To test the effect of winds on the litter deposition, several of the
simulations used extreme wind conditions. Using the standard deviation
of the winds as a metric for variability, we evaluated four idealized wind
scenarios, including (1) a “no wind, no standard deviation” (NWNS)
scenario where the litter deposition is solely reliant on height from the
tree and atmospheric drag, and represents the circle with radius rgroung;
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(b) BTH_HWNS
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Fig. 4. Short versus tall broadleaf tree dispersal for four generalized wind events; a) no wind or standard deviation (NWNS), b) wind at 15 m/s with no standard
deviation (HWNS), ¢) no wind but 8 m/s standard deviation (NWHS), and d) 15 m/s winds with 8 m/s standard deviation (HWHS); BTH = Broadleaf tree height;

black dots are tree bole locations.

(2) a “high wind, no standard deviation” (HWNS) scenario with homo-
geneous strong winds of 15 m/s in every voxel coming directly from the
southwest with no standard deviation in trajectory, (3) a “no wind, high
standard deviation” (NWHS) scenario where wind speeds average
spatially to 0 m/s, but standard deviation is high at 8 m/s in all di-
rections, and (4) a “high wind, high standard deviation” (HWHS) sce-
nario with high average wind speeds (15 m/s), and high standard
deviation (8 m/s) in both directions. The simulations in which these
wind scenarios are used are described in Table 2.

Then, we examined litter deposition using a more realistic wind
profile to incorporate wind gusts that likely cause the leaves to fall from
the tree. For this purpose, we first spun up a wind field in HIGRAD using
the same Eglin tree plot with a starting wind speed of 13.4112 m/s at a
height of 34 m, which is approximately 10 m above the highest tree in
the dataset. We used cyclic boundary conditions as described in Pimont
et al. (2016). After allowing the wind to find a relatively steady state
over 600 s, we then recorded and averaged the mean wind values and

variances in each voxel over all time steps to find the average wind
speeds and the standard deviation at any given voxel within the
three-dimensional domain. We applied DUET using wind information
averaged over all voxels from the ground up to the height of the given
canopy voxel, Hc. The values for the wind scenarios ranged as:

1.1872m/s < u < 13.8865m/s (18)
—1.04651m/s < v < 0.9614m/s (19)
0.0m/s < o, <24.3431m/s (20)
0.0m/s <o, <7.4149m/s 21

within the areas that contained the canopy voxels. Table 2 includes a list
of all the simulations performed to test the functionality of DUET.
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(b) CTH_HWNS
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Fig. 5. Short versus tall conifer tree dispersal for four generalized wind events; a) no wind or standard deviation (NWNS), b) wind at 15 m/s with no standard
deviation (HWNS), ¢) no wind but 8 m/s standard deviation (NWHS), and d) 15 m/s winds with 8 m/s standard deviation (HWHS); CTH = conifer tree height; black

stars are tree bole locations.
3.2. Basic model functionality

3.2.1. Effects of tree height

To test the model’s ability to distinguish litter dispersal from short
versus tall trees, we used a small domain with 1-m resolution and two
general tree types, conifer and broadleaf (CTH and BTH simulations
described in Table 2). We applied species characteristics as defined in
Table 1 in section 2.7.2, with wind descriptions as defined in section
2.7.3 and Table 2. Figs. 4 and 5 show the results of the tree height
comparison.

The broadleaf tree canopy represented here stretches down to the
ground, while conifer trees have height to live crown distances of 5 m
and 10 m for the short and tall trees, respectively. When no mean wind is
present, litter accumulates primarily below and around trees. Taller
trees result in a broader dispersal area (compare Figs. 4a, 4c, 5a, and 5c).
With a positive mean wind, the dispersal area is stretched in the direc-
tion of the mean wind. For broadleaf trees, it begins closer to the base of

the tree than for the conifer trees (compare Fig. 4b and 4d, and 5b and
5d). Figs. 4c, 4d, 5c, and 5d also show that high wind standard de-
viations disperse the limited amount of litter from short trees leading to
low litter bulk densities in any given voxel.

3.2.2. Drag coefficient comparison

To demonstrate the influence of the drag coefficient on the litter
dispersal region, we used a small domain with two trees, each of which
were 10 m tall, 5 m maximum radius, 0 m height to live crown, with drag
coefficients 0.6 and 2.43. Fig. 6 shows the results of the drag coefficient
test.

With the absence of wind influence, the drag coefficient does not
affect the dispersal region, as shown in Fig. 6a. A larger drag coefficient
expands the dispersal region due to the inverse relationship with ter-
minal velocity, Vierminat (EQ. (2)). AS Viermina increases, the time it takes for
the foliage to fall (tz,) increases, which in turn increases the maximum
horizontal distance that the foliage can be transported and the greater
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Fig. 6. Effect of the Drag Coefficient (DCO) on the dispersal region,; all tree characteristics are identical except for the drag coefficient as labelled on the image where
one drag coefficient is 2.43 which represents a flat leaf and the other is 0.6 which represents a needle falling; black stars are tree bole locations.

dispersion that can occur, broadening the dispersal region. Fig. 6b-
d show these expansions clearly.

3.2.3. Decay factor comparison

To show the long-term effects of the decay factor on litter buildup,
we ran three five-year simulations on a 400 m x 400 m tree map using
the two species described in Table 1. The first simulation tracks how the
litter decays when deposited in the first of the five years with no other
litter placed for the duration of the simulation (Fig. 7).

To develop Fig. 7, we calculated the litter deposit for a single year
with zero wind influence, and then applied the decay function with three
different decay factors for 5 years without adding litter after the initial
year. With a decay factor of 0.1, we lose 1 — e %! ~ 10% of the mass
each year; a decay factor of 0.5 results in a loss of 1 —e~%° ~ 40% mass
per year; and a decay factor of 1.0 results in a loss of 1 —e 1 =~ 63%
mass per year. In the figure, we begin with the same amount of litter
dispersal for the first year, which is why the litter maps in the column for
year 1 are identical.

Since the decay factor of 0.1 only results in 10% loss of mass per year,

the mass on the ground remains for several years after the initial
dispersal. In Fig. 7, the top row of year 5 is only slightly lighter than the
top row of year 1, indicating only a slight loss of mass, or approximately
1 — e 915) ~ 40% mass loss. In contrast, the decay factor of 1.0 results
inal — e 195) ~ 99% loss of mass over five years, which can be seen in
Fig. 7 in the bottom row on the right, which is almost completely devoid
of litter.

3.3. Idealized forest area representation

3.3.1. Litter buildup under randomized wind conditions

We performed simulations on a 400 m by 400 m domain with 2 m
resolution to examine litter dispersion from trees of variable size and
shape. We populated the domain with 2163 trees with heights ranging
from 6.7 m to 23.2 m, heights to live crown ranging from O m to 17.7 m,
and height to maximum crown radius ranging from 1.2 m to 12.8 m. We
chose random wind velocities that ranged as:

—8.998m/s < u < 5.308m/s (22)
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Fig. 7. Grass growth through 5 years showing DECAY_0.1 = a decay rate of 0.1 in which there is a 10% loss of mass each year, DECAY_0.5 = a decay rate of 0.5 in
which there is a 40% loss of mass each year, and DECAY_1.0 = a decay rate of 1.0 in which there is a 63% loss of mass each year.
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Fig. 8. Output for 10 years of litter deposition with random winds to show accumulation of surface litter over time.

—8.815m/s <v < 7.433m/s (23)
—7.871m/s < 6, < 8.785m/s 249
—7.396m/s < 6, < 7.330m/s (25)

Fig. 8 shows the litter accumulation over ten years with overlapping
ellipses. The layering effect for these elliptical dispersal regions is clearly
shown in this figure. By year 10, there occurs a clear and direct
connection with the canopy structure which is strengthened over time.

3.3.2. Litter deposition under gusty wind conditions

Because litter deposition from the canopy is sensitive to the variation
in the wind fields, we next explored the influence of variation in winds
through the large eddy simulation model HIGRAD, results of which are
shown in Fig. 9.

This more realistic wind field represents how we can account for the
fully variable wind conditions for each spatial grid cell within the
domain. Since the wind fields in these simulations are a function of the

10

stand-scale drag, and include minimal wind speeds close to the ground,
we can see that the dispersal regions are restricted closer to the tree
locations. Within denser stands, the attenuation of mean windspeed
dominates the distribution of litter, with occasional gusts distributing
litter farther from originating voxels.

4. Discussion

The DUET model can produce a heterogeneous surface litter and
grass layer through a mechanistic representation of leaf litter and her-
baceous spatial distribution based on tree canopy structure. Simulations
explore critical phenomena that lead to the surface fuel deposition and
growth patterns, and results agree with expected sensitivities to various
canopy and wind parameters. However, there are processes that affect
fuel distribution that are not yet included and continued efforts to
validate the model are necessary.
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Fig. 9. WFIELD simulation; Litter deposition for (a) pine and (b) oak, and (c) grass biomass results from a DUET simulation using wind fields generated by HIGRAD,

which captures wind gusts that cause the leaves to detach from the tree.

Yy

(Ex(¢), Ey()
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Fig. C1. Rotated elliptical region for litter dispersal with 6 = the rotation of the ellipse, ¢ defined as all radians between 0 and 27z, E, and E, as the displaced
coordinates at the specific angle ¢, and the radii defined using the wind information in Eqs. A3 and A4.

4.1. Overstory structure and composition

DUET produces modeled tree litter accumulation that is directly
affected by overstory structure including the height and species-specific
characteristics of the trees, in agreement with observations (Nickmans
etal., 2019; Staelens et al., 2003). The model uses the height from which
foliage is falling along with the average mass, surface area, and drag
coefficient for the foliage (leaves or needles) to calculate the fall time for
the foliage based on a terminal velocity approximation. In conjunction
with the average wind speeds associated with the time period in which
the foliage falls, this fall time helps to define the breadth of the dispersal
pattern possible when falling needles or leaves reach the ground. The
orientation of the wind-influenced fall path elongates the otherwise
circular pattern into an elliptical region if the path is not straight down.
Figs. 4 and 5 in Section 3.2.1 show effects of the height of the tree on the
deposition region. Species foliage characteristics also influence the
width of the deposition pattern. We compare oak leaves, which have a
larger surface area and thus greater drag/mass, to pine needles. This
slows down the fall speed of oak leaves relative to pine needles, in-
creases the time aloft and allows for more lateral dispersion; therefore,
the spread is generally broader for a given tree height (see Fig. 6). Since
access to information on canopy structure is more readily available than
understory structure, having a model that bases the understory on the
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canopy may provide the necessary precision for improving fire and
ecosystem model inputs (Silva et al., 2016).

4.2. Wind influence

Wind events in the area directly affect when and how the litter falls
from the tree (Staelens et al., 2003). In DUET, we use average wind
speeds and standard deviations for the area to define the shape and size
of the dispersal region. As wind is a main driver for mean horizontal
movement of litter while it is falling, we use average wind speed to
determine horizontal displacement as well as the orientation, and length
of the ellipse in line with the horizontal trajectory. The standard devi-
ation of wind speed affects how wide or narrow the ellipse becomes
perpendicular to the displacement vector. We treat the influences of the
wind standard deviations as having a diffusion type effect on the leaves
or needles, resulting in a conical distribution of leaves when they land.
While the majority of the leaves follow the mean path, the net pattern of
foliage deposition from any single canopy source is a maximum at the
center of the deposition pattern and the loadings fall off to zero linearly
at the perimeter. While currently these wind trajectories are static inputs
to the model, we hope to connect to a database in which we can
implement recorded wind information for various time periods
throughout the year and potentially expand DUET to include dynamic
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wind inputs. Figs. 4, 5, 6, and 9 all show the effect wind conditions have
on the elliptical regions and the heterogeneity of the result. In low wind
conditions, the dispersal regions remain close to the tree boles, while
high wind conditions result in wider spread. Future iterations of the
model should incorporate a wind intensity vector that accounts for
higher rates of litter drop during high wind events.

4.3. Decay processes

Within DUET, decay processes affect how the bulk density, moisture
level, and depth of litter changes over the years after deposition, as well
as the inhibition of grass growth. With the layering effect created over
years of litter accumulation, the decay processes are affected both by
species-specific decay factors and depth of litter on top. Fig. 7 shows
three different decay factors and the resulting effect on the litter accu-
mulation through the years after they fall. When a smaller decay factor is
applied, the litter does not decay and reduce as much as a higher decay
factor. When coupled with the layering effect shown in Fig. 8, the decay
factor has a high influence on the spatial heterogeneity of litter on the
ground over years.

4.4. Model assumptions

As with any mathematical model, several assumptions were made
within the design of DUET. First, we assumed that leaves reach their
terminal vertical velocity immediately during the descent, whereas in
reality, the time required to reach terminal velocity is typically reached
asymptotically and depends on the air resistance and weight of the ob-
ject. The latter assumption may be less critical for litter resulting from
broad leaves than needles as drag forces lead needles to reach terminal
velocity in a shorter time, but a full consideration of velocity is needed in
future work.

Further, the decay functions used in DUET are appropriate for
shorter timeframes and xeric sites of the southeastern U.S., but don’t
include nutrient cycling, including carbon:nitrogen, detritivore effects
as described in De Smedt et al. (2018) and climatic effects on litter
decomposition rates as described in Gavazov (2010). Further expanding
the decay function and adding live and dead fuel moisture information,
and grass senescence and decay to the model, would improve model
accuracy and expand the range of ecosystems to which the model can be
applied.

DUET does not currently include redistribution of litter by the wind
or animal tracking once on the ground, which is observed predomi-
nantly in hardwood litter (Wade and Lunsford, 1989). Many shrub
species or trees in shrub stature contribute to the understory charac-
teristics of many surface fire regimes, which are currently included as
regular trees but can be added as an additional component to the model.

4.5. The need for validation

While the model produces heterogeneity that meets expected pat-
terns for wind, tree height, and litter type, there is a need for both
verification and validation. While verification of a model confirms that
the model is correctly implemented, validation ensures that the model
represents the real system it was built to represent accurately. In this
study, we have presented verification of the DUET model by testing the
model’s representation of various idealized scenarios. However, vali-
dation must occur through spatially explicit field data, which are just
now becoming available at scales to test DUET (Hawley et al., 2018). As
we have worked with various institutions to gather real-world data for
validation, we have found that typical methods for collecting data on
surface fuels tend to be limited to localized measurements and transect
descriptions but lack explicit spatial distribution patterns or spatial
correlation with canopy structure or arrangement. We are currently
designing a method for collecting data that may more explicitly describe
the litter distribution, which should be implemented over the next year.

12

Ecological Modelling 483 (2023) 110425

We plan to use this newly developed data set to compare our model to
previous models and test for improvement in accuracy. For now, we
view DUET as a series of hypotheses that brings together the basic
influential processes involved in how the canopy affects litter buildup,
which will be evaluated against these high-resolution observations in
the future.

5. Conclusions

DUET provides complex, realistic and adjustable representations of
tree leaf litter and grass distributions that directly relate to canopy
structure, litter decay, and wind dynamics. Potential applications of this
model include developing realistic heterogeneous surface fuel repre-
sentations for spatially explicit fire behavior models and ecological ex-
aminations of ecosystem dynamics dependent on variable
representation of litter biomass (Midgley et al., 2015), including
nutrient cycling within senescence processes (Lin et al., 2017; Stoler and
Relyea, 2011), and fine scale fire behavior (Hiers et al., 2009). DUET can
also be used to examine finer scale litter and grass dynamics that can
influence coarser scale fuel and fire dynamics in current stand and
landscape level ecosystem models (e.g., Keane et al., 2011; Loudermilk
et al., 2011; Scheller et al., 2019).

DUET has the flexibility to be calibrated for any forest type through
the tree species characteristics, as well as environmental inputs and
parameters. By representing leaf fall within an ellipse, the model allows
for approximations within leaf traits, such as surface area and mass, and
coarse dispersal functions. Using DUET, one could vary wind speeds and
direction through time and characterize several possible surface fuel
representations for simulating ecosystem or fire behavior within the
area. Our results show how the drag coefficient, wind dynamics, and
decay factors affect litter accumulation though space and time. Through
species specific parameterization, the model can be calibrated for spe-
cific species or generalized for a broad range of species (e.g., conifer vs.
broadleaves). Similarly, wind inputs can represent specific wind events
or averaged values across a given area. Such mechanistic models are
critical for representations of fine scale heterogeneity driven by canopies
(Mitchell et al., 2006), their influence on patterns of energy release from
fires and resulting patterns of fire effects, as well as ecosystem renewal
applications.
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Appendix A

As described within Section 2.2, to determine rgrond, We define the effective radius of the voxel of horizontal dimension dx x dy to be the radius of

the circle with equal area to the area of the bottom face of the voxel, rmin = y/dxdy/7z. We then add a distance contributed by oscillating lateral
movement, Togc:

Tground = Vmin + Tosc (A1)

We define rosc = Lyngieps, where Ly is found by the Cauchy momentum equation in Lagrangian form. This equation was developed to represent linear
transport of a unit of material subjected to the forces acting on the unit as it travels through a given slow-moving fluid. We use this to represent the
maximum horizontal distance that the leaf or needle can reach within each oscillation step it takes through the air during its descent. In the model, Ly
is calculated by dividing a characteristic length proportional to \/Zﬁ, where Ay, is the surface area of the leaf or needle, by the Froude number, Fr,
which represents a measurement of buoyancy. To compute the Froude number, we assume minimal oscillation velocity [ug| = 0.01. ngeps is the
maximum number of steps the leaf or needle can take in the time within which it is falling, t;;y. We estimate that oscillation frequency of the falling
foliage is N steps per second. Definition of this parameter and the proportion constant a could be refined in future work.

av/Ap N st
Ly = “, Fr= o s Nsteps = ’Vf/zlu Xﬂ-‘ (A2)

Fr 8v/Api

The standard deviations of the horizontal wind speeds, 6, and o,, influence the aligned and perpendicular stretches of this displaced ellipse when
multiplied by the time for the leaves to fall, tj:

Vimajor = Tdisp + tfallo-u (AS)
Vminor = Tground + tfallo-v (A4)

Note that these stretches are mathematically calculated before the rotation of the ellipse. Once the rotation occurs, the stretches are affected by the
rotation and are adjusted. In this way, the major and minor axes of the ellipse are affected by both directional wind vectors once the rotation has been
applied. See appendix C for more information regarding how the transformations are applied and their resulting equations.

Appendix B

We assume that the foliage rapidly reaches the horizontal velocity of the local wind in the i direction, U;, based on its low inertia. With this
assumption, the mean horizontal displacement, Dy, in the i direction is given by:

h
Di:/Ui(Z) d (B1)
0

Vierminal

For scenarios where the average ambient horizontal velocity over the height h is known, the formula collapses to:

thall
D; = / Uidt = Uity (B2)

0

Appendix C
In matrix notation, we can use projective coordinates to illustrate the process by which each of the original points within the unit circle move to

their new coordinates in the transformed space. In Eq. (C1) the first matrix on the left represents the displacement, the second the rotation, and the
third the aligned and perpendicular stretches:
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1 0 D, cosd —sind 0O Tmajor 0 0] |x E,
V(xy) X +y*<1:{0 1 D,||sind cos® 0 0 Funr O |y|=1|E (C1)
00 1 0 0 1 0 0 1|]1 1

This series of matrices can be expressed asAX = E where X is any coordinate within the unit circle, E is the corresponding coordinate within the
transformed elliptical space, and

Fugor€0S0 —TyisorSing D,

A= | FugjorSiNO  Fyinorcos D, (C2)
0 0 1
X X cos¢g
To find each point on the edge of the elliptical region, we use X € y| 2 |y|=|sing |VO<¢<2rx, and we find the equations for the edge
1 1 1

of the rotated and displaced ellipse:

VO<¢<2r:
E.(¢) B }rmaj,,,<|cos(¢)cos(n9) — |Finor|Sin()sin(0) + D, (c3)
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Fig. C1 shows the rotated ellipse and the locations of the angles and measurements for these equations.
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