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The continuity and depth of litter fuelbeds are major drivers of fire spread and fuel consumption. However, no
established approach is available for the spatially explicit prediction of litter loads over large areas. Local fuel
heterogeneity introduces large uncertainties on estimates derived from field-based models based on the
extrapolation of sparse data samples. In fire-maintained pine forests of the southeastern US, litter accumulation
and its distribution over the forest floor are mainly driven by vegetation productivity and by the number of years
since the last fire (YSF). Some ecological models that simulate fire effects allow for a time-dependent estimation
of litter by accounting for the opposing rates of litter deposition and decomposition as a function of YSF at the
landscape level, but they do not account for spatial heterogeneity. We developed a conceptually simple approach
for wall-to-wall estimation of tree leaf litter loads at high spatial resolution (5 m). The approach involved, first,
estimating spatial patterns of tree annual litterfall. We mapped individual tree crowns through segmentation of
airborne laser scanning (ALS) data, and we estimated crown foliage biomass using tree inventory data and ALS
derived tree crown attributes. Tree annual litterfall was calculated as a fraction of the crown foliage biomass
based on leaf turnover rates. We then quantified tree leaf litter accumulation through a spatially explicit
implementation of the established Olson (1963) accumulation and negative decay model. We tested and vali-
dated our model in several management and research units at Eglin Air Force Base (Florida), Pebble Hill Plan-
tation (Georgia), and Osceola National Forest (Florida), where managers maintain predominantly longleaf pine
forests using frequent fire. Pixel-level RMSD and BIAS between tree leaf litter biomass estimated by the proposed
model and reference field measurements were 0.21 and 0.01 kg m~2, and area-level RMSD and BIAS were 0.09
and 0.01 kg m~2. We concluded that linking patterns of litterfall and tree leaf litter accumulation to tree crown
objects provides a means to characterizing the discontinuity of the litter layer, accounting for spatial hetero-
geneity largely traceable to tree crown foliage inputs.

Time since fire
Tree crown
Airborne laser scanning (ALS)

1. Introduction of these fuels are particularly relevant for predicting fire intensity and
burn patterns in fire-maintained longleaf pine (Pinus palustris) forests of

The continuity and depth of the surface vegetation and fuel layers are the North American Coastal Plain in the southeastern US (Noss et al.,

major drivers of fire spread and fuel consumption in frequently burned
ecosystems and are linked to fire risk and severity (Agee and Skinner,
2005; Hiers et al., 2009; Loudermilk et al., 2012). High-resolution maps
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2015). These systems are dependent on frequent (1-3 year interval)
surface fires of low severity to maintain their high levels of plant di-
versity (Bond et al., 2005; Kirkman et al., 2001; Mitchell et al., 2009;
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Walker and Peet, 1984). Because of frequent fire, vegetation commu-
nities are characterized by widely spaced pine trees, resprouting hard-
woods, and a continuous herbaceous layer mostly composed of
perennials. The spatial arrangement of these communities defines the
distribution and composition of the fine surface fuels, which are often
dominated by tree leaf litter and particularly pine needle cast. These are
the major contributors to fine surface fuel loading, often representing
more than half of the available fine fuel (Jevon et al., 2022; Mitchell
et al., 1999; Platt et al., 2016; Robertson et al., 2014; Thaxton and Platt,
2006). Consequently, tree litter is unevenly distributed over the forest
floor depending on tree density and distribution (Grace and Platt, 1995).
For instance, unburned patches are often observed to correspond to tree
gaps and areas of low canopy cover, even when there is continuous
herbaceous cover on the ground (Mugnani et al., 2019; Robertson et al.,
2019).

Various methods, including analytical modeling, classifications,
and/or statistical analysis using both field and remote sensing datasets
have been proposed to quantify litter loads (Bright et al., 2022; Hudak
et al., 2016; Keane, 2012; Keane et al., 2001; Loudermilk et al., 2011;
Lydersen et al., 2015; Olson, 1963). For instance, Loudermilk et al.
(2011) utilized field data and linear models to estimate pine and hard-
wood leaf litter loads as a function of time since fire and simulated tree
size and spatial distribution. Hudak et al. (2016) used ALS and Landsat
optical data to map forest structure and composition through imputation
and reported functional relationships between overstory structure and
surface fuel attributes. Bright et al. (2022) predicted surface fuels using
remotely sensed data and several ancillary datasets, including topo-
graphic and fire history variables, on a study area across the Kaibab
plateau in Northern Arizona. Nevertheless, the spatially explicit char-
acterization of litter loads is still a challenge over areas larger than field
sample plots. Local fuel heterogeneity introduces large uncertainties in
estimates and interpolations derived from field data, and its systematic
monitoring is time-consuming and expensive, requiring intensive sam-
pling protocols and frequently repeated measurements (Keane, 2015;
Keane et al., 2001). Additionally, the usefulness of remote sensing for
direct modeling and mapping of such fine fuels is limited due to the low
sensitivity to litter depth of both active and passive sensors, which is
further limited under the forest canopy.

Leaf litter generally accumulates over time until litter production is
balanced by decomposition in a quasi-equilibrium (McCaw et al., 2002;
Olson, 1963; Zazali et al., 2020). Litter production (or litterfall) results
from senescent biomass irregularly falling to the forest floor from all
layers of the vegetation canopy, a process mainly driven by above-
ground biomass, species characteristics, and climate (Costa et al., 2020;
Keane, 2008; Neumann et al., 2018). Decomposition, which drives the
rate of nutrient recycling in the forest ecosystem, is controlled by het-
erotrophic consumption of organic composites and in turn depends on
litter quality, soil properties, and climatic factors (Bezkorovaynaya,
2005; Keane, 2008; Krishna and Mohan, 2017; Prescott, 2002). A widely
used litter accumulation model that combines two simple analytical
models for litter deposition and decomposition was introduced by Olson
(1963). The model assumes that litter falls at a constant rate and that at
each point in time decomposition is proportional to the total litter
accumulation. The combination of these two terms results in a negative
exponential model, where total litter accumulation is a function of the
time since the litter deposition was initiated, such as following planting,
or a fire that fully or mostly consumed the litter. While the Olson model
ignores factors such as tree size and distribution, stand age, productivity,
and annual and seasonal variations in precipitation and temperature to
describe the spatial intra-stand heterogeneity of the litter loads, it has
been widely used by fire ecologists as it provides realistic litter accu-
mulation estimates (Zazali et al., 2020).

Assuming relatively similar soil and climate conditions, spatial
variability in litter accumulation would be primarily driven by canopy
characteristics. Canopy structure and aboveground biomass affects the
spatial variation of surface litter by both influencing the organic layer
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environment (e.g., soil temperature, water content) of microbes that
drive decomposition and by governing the litterfall (Hopkins et al.,
2020; Neumann et al., 2018; Penne et al., 2010; Platt et al., 2016).
Therefore, characterizing the spatial variability of foliage biomass
driven by heterogeneity in the forest canopy provides a means to
describe patterns of litterfall and surface fuel dynamics at the scale of
tree crowns (Ferrari and Sugita, 1996; Yarie, 2000).

Remote sensing currently provides the most practical means to
characterize patterns of aboveground biomass across forested land-
scapes and associated ecosystem processes. Airborne laser scanning
(ALS) shows particular promise because of its ability to record a dense
3D point cloud that can be used to characterize the forest canopy
structure. ALS has been successfully used for tree detection, stem map-
ping, and segmentation of tree crowns (Jakubowski et al., 2013; Li et al.,
2012; Roussel et al., 2020; Silva et al., 2016). ALS tree crown-derived
metrics have been used to quantify tree attributes such as height, vol-
ume, and/or woody and foliar biomass using different modeling ap-
proaches including parametric and non-parametric methods (Chen
et al., 2007; Rocha et al., 2023; Silva et al., 2016; Wan Mohd Jaafar
et al., 2018).

The overarching objective of this study is to develop a conceptually
simple and physically-based model of tree leaf litter accumulation after
fire. The proposed model is informed by remote sensing data that cap-
ture the spatial heterogeneity of litter loads in temporally dynamic, fire-
maintained longleaf pine forests. The methodology is demonstrated
primarily at three study sites located in pine forests in the southeastern
US, where field data, prescribed fire records, and ALS data were avail-
able for testing and validating the methodology (Section 2). The model
estimates litter accumulated at the 5 m resolution in three main steps
(Fig. 1). First, tree leaf litter production (i.e., tree annual leaf litterfall) is
estimated at the scale of projected tree crowns (Section 3.1). This model
is driven by tree crown attributes calculated from ALS data, and it is
informed by tree inventory data, allometric equations, and species traits
(e.g., leaf lifespan). Second, tree leaf litter accumulation since the last
fire is estimated through a spatially explicit implementation of the
Olson (1963) model that incorporates the outputs of the production
model, a decomposition rate—estimated as a function of the annual
actual evapotranspiration (AET) that accounts for temperature and
moisture—, and fire history maps (Section 3.2). Finally, we evaluate the
accuracy of the tree leaf litter accumulation model at a pixel and a
multi-pixel level (i.e., area-level accuracy assessment) by leveraging
independent litter biomass field measurements collected at the study
sites (Section 3.3).

2. Materials
2.1. Study sites

The three study sites were Eglin Air Force Base (AFB) in the Florida
Panhandle, Pebble Hill Plantation (PHP) in southern Georgia, and the
Olustee Experimental Forest within the Osceola National Forest (ONF)
in northeastern Florida (Fig. 2). The sites undergo frequent prescribed
burning (often a 1-3 year fire return interval) that serves to maintain the
native wildlife and health of the predominant longleaf pine ecosystem as
well as facilitating military training at Eglin AFB. The three sites share
the same subtropical climate with relatively mild winters and warm and
humid summers, but they span the edaphic gradient characteristic of the
region, described below.

Eglin AFB covers 186,350 ha and it is divided into management units
where activities such as prescribed fires or silviculture practices are
performed. The Eglin AFB portion of our study focuses on sandhill and
flatwoods longleaf pine communities (FNAI, 2010) where ALS data were
most recently collected in 2018 (~92,699 ha) (Fig. 2). The sandhill pine
communities are located on soils in the Entisol order composed of deep
sand (Soil Survey Staff, 2021). The vegetation is characterized by a
discontinuous overstory of longleaf pine and some slash pine (P. elliotti)
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Fig. 1. Workflow of the spatially explicit model of litter accumulation based on a tree crown-level litter production model and a spatially explicit implementation of

the Olson model. Headings refer to the material and method sections in the paper.
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Fig. 2. Location of the study sites at Eglin Air Force Base (AFB), Pebble Hill Plantation (PHP), and Osceola National Forest (ONF). The canopy height model derived

from airborne laser scanning (ALS) is displayed as background within the study sites.

A mask of pine dominated forest stands was applied at Eglin AFB and PHP. UB:

unburnt units at ONF (also labeled are units maintained at 1 yr, 2 yr, or 4 yr fire return intervals).

with a discontinuous midstory of fire-tolerant broadleaf species, mostly
turkey oak (Quercus laevis) and bluejack oak (Q. incana), as well as less
fire hardy broadleaf species such as persimmon (Diospyros virginiana).
The surface vegetation is species-rich with forbs, perennial grasses
dominated by wiregrass (Aristida stricta var. beyrichiana), and broadleaf
woody plants that are topkilled by fire and resprout. The flatwoods
communities are located on soils in the Spodosol order, where the deep
sand soil is saturated for part of the year and contains some organic
material (Soil Survey Staff, 2021). Flatwoods also have a discontinuous
canopy of mostly longleaf pine and some slash pine, but with a midstory
and understory of evergreen woody plants, mostly saw palmetto
(Serenoa repens), dwarf live oak (Q. minima), and gallberry (Ilex glabra)
(Hudak et al., 2016) that resprout after being topkilled, and forbs and
perennial grasses dominated by wiregrass. At PHP, the study site covers
824 ha within upland longleaf pine communities (FNAI, 2010) located
on soils in the Ultisol order, with sandy topsoil and a clay-rich sub-
horizon (Soil Survey Staff 2021). The overstory vegetation is dominated
by a mix of longleaf pine and shortleaf pine (P. echinata), while the
understory is dominated by a particularly species-rich community of
perennial grasses including wiregrass, forbs, and resprouting broadleaf
woody plants (Ostertag and Robertson, 2007; Robertson and

Hmielowski, 2014). Finally, the study site at ONF consists of winter
experimental burn units within flatwoods pine communities as
described above. The ONF site is part of a long-term fire experiment that
was first established in 1958 in a randomized block design to evaluate
different fire return intervals on fuel accumulation. It is comprised of six
replicates of four treatments (~0.85 ha each) that consist of burns
performed regularly every 1, 2, or 4 years, with an additional no-burn
treatment (control) (McKee, 1982). Overstory and understory vegeta-
tion are dominated by longleaf pine and saw palmetto, respectively.

All three sites represent native vegetation types where the soil has
not been previously disturbed by agriculture or other management, and
all three have been burned frequently for decades leading up to this
study. Because of frequent fire, surface organic matter is dominated by
litter in various stages of decomposition but with very little organic soil/
duff (except in the ONF unburned control units). The three community
types studied represent the three dominant soil orders and respective
ecosystem types in the North American Coastal Plain (Carr et al., 2010)
and thus provide broad representation of the region.
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2.2. Data

2.2.1. Airborne laser scanning data

ALS data were used to segment individual tree crown maps within
the study sites and to compute crown attributes that were used as pre-
dictors of foliage biomass in a random forest (RF) model (Section 3.1).
ALS data were acquired in 2018 at both Eglin AFB and PHP, and between
2018 and 2020 at ONF. The average return density was variable among
sites and campaigns but always exceeded 8 points m~2. The point cloud
(provided in a .laz or .las binary format) was normalized, converting
points to height above ground using LAStools software (Isenburg, 2021).
A canopy height model (CHM, 1 m spatial resolution) was created using
the ’grid_canopy’ function and the pit-free algorithm (Khosravipour
et al., 2014) implemented in the ‘1idR’ R package (Roussel et al., 2020).

2.2.2. Tree inventory data

Tree inventory data provided the foliage biomass dataset used as the
response variable to train the RF model (Section 3.1.2). Because of the
limited number of inventory plots on the three study sites, the dataset
was augmented with additional plots located in longleaf pine-dominated
forests with similar environmental conditions, where contemporaneous
ALS data were also available (Appendix A, Figure Al).

Within each inventory plot, tree species, health status (healthy, un-
healthy, and dead), and dbh (diameter at breast height, 1.37 m) were
recorded. Tree attributes such as stem geolocations, tree height, and
crown diameter—calculated as the average of two measurements in
orthogonal directions of the projection of the edges of the crown—were
available for a subset of plots (19 plots encompassing a total of 615
trees). The data used for training the foliage biomass model were located
at two of the primary study sites (Eglin AFB, PHP) and at three similar
southern pine forest sites: Tall Timbers Research Station (TTRS, Florida),
Ft Stewart (Georgia), and Ft Jackson (South Carolina) (Appendix A,
Table Al). Supplementary tree inventory plot data missing the geo-
location of the individual stems, tree height, or the crown diameter were
used for assessing the accuracy of the mapped foliage biomass estimates;
these plots were located at Eglin AFB, ONF, PHP, TTRS, Ft. Jackson, Ft.
Stewart, and the Joseph Jones Ecological Research Center (JERC) (Ap-
pendix A, Table A2). A detailed description of the tree inventory data-
sets, tallied species, and collection protocols is provided in Appendix A
(Section 1.2).

Only live trees with >10 cm dbh were considered. Tree foliage
biomass was estimated by applying published species-based allometric
equations (Gonzalez-Benecke et al., 2014, 2018 ; Loomis et al., 1966;
Mitchell et al., 1999; Zhao et al., 2015, 2016, 2019a,b) (Appendix A,
Section 2.1).

2.2.3. Forest type group map
The 30 m resolution Forest Type Groups of the Continental United
States dataset (USDA-FIA, 2021) was used to parametrize wall-to-wall
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the leaf turnover rate (LTR) in the spatially explicit annual tree leaf
litter production model (Section 3.1.3). The map is generated through
the imputation of Forest Inventory and Analysis (FIA) field data
collected from 2014 to 2018 to phenological variables derived from
Landsat OLI (Operational Land Imager) satellite data, together with
auxiliary climatic and topographic data (Wilson et al., 2012, 2013,
2018). The map defines a forest type group for every 30 m forested pixel,
adopting the same legend (33 forest type groups) of the Forest Atlas of
the United States (USDA-USFS, 2022). The longleaf/slash pine group is
predominant in all three study sites, with a significant presence of the
loblolly/shortleaf pine group at PHP (Fig. 3).

2.2.4. Average annual evapotranspiration

Actual evapotranspiration (AET) was used to estimate the litter
decomposition rate, which is one of the parameters required by the litter
accumulation model (Section 3.2). Annual AET from 2003 to 2019 was
obtained from the Moderate Resolution Imaging Spectroradiometer
(MODIS) product (1 km) available at https://earlywarning.usgs.gov
(accessed on 9th of September 2021). This product uses the opera-
tional simplified surface energy balance (SSEBop) model to retrieve
annual AET (Senay and Kagone, 2019; Senay et al., 2013). For the three
sites, the annual average was computed (Fig. 4). Average annual AET
was higher at ONF (1292 mm) and PHP (1055 mm) than at Eglin AFB
(653 mm), as expected based on temperature and precipitation trends
(Thornton et al., 2020).

2.2.5. Fire history

The fire history of the study sites was used to assess the time since fire
and, therefore, the time of the litter accumulation process (Section 3.2).
It was reconstructed by integrating management records and remotely
sensed derived products (Fig. 5).

At Eglin AFB recurrent fire is used as a management tool to ensure
appropriate conditions for military training and maintain the longleaf
pine forest communities. Fire records at Eglin AFB consisted of
geographic information system (GIS) datasets of fire boundaries, which
included the date of burn from 1972 up to 2015.

At PHP, fires are typically applied to pine communities at 1-2 year
intervals as part of the regional tradition for game management (Rob-
ertson and Hmielowski, 2014; Rother et al., 2020). The Southeast
FireMap ‘pilot’ product of TTRS and USDA Natural Resources Conser-
vation Services (NRCS) produced from Landsat satellite data was used as
fire history at PHP (Southeast (SE) FireMap, 2021). This product maps
detectable fires happening since 1994 (both managed prescribed burns
and wildfires) across nine states in the southeastern US. Within the
boundaries of the study site at PHP, reported fires span from 1996 to
20109.

At ONF, burns are regularly performed every 1, 2, or 4 years on the
three burn treatment blocks, or are excluded on the no-burn treatment
(control) blocks. Fig. 5 shows the fire history records available within

ONF
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Forest Type |:| Oak / pine |:] Oak / hickory |:] Oak / gum / cypress - Longleaf/ slash pine - Loblolly / shortleaf pine - Non forest

Fig. 3. Forest type groups at Eglin AFB (left), Pebble Hill Plantation (PHP) (middle), and Osceola National Forest (ONF) (right). UB: unburnt units at ONF (also

labeled are units maintained at 1 yr, 2 yr, or 4 yr fire return intervals).


https://earlywarning.usgs.gov

N. Sanchez-Lopez et al.

AET (mm)
E Study sites
" Eglin AFB

[CJONF research units 8

1730

Ecological Modelling 481 (2023) 110369

ONF

uB

dyr |
Tyr
2yr

2yr

Fig. 4. Average annual actual evapotranspiration (AET, mm) at Eglin AFB (left), Pebble Hill Plantation (PHP) (center), and Osceola National Forest (ONF) (right)
obtained from the SSEBop Evapotranspiration MODIS derived product (Senay and Kagone, 2019). UB: unburnt units at ONF (also labeled are units maintained at 1 yr,

2 yr, or 4 yr fire return intervals).
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Fig. 5. Left, most recent fire between 1972 and 2015 at Eglin AFB, as reported in management records; center, most recent fire happening between 1994 and 2019 at
PHP according to the SE FireMap; right, most recent fire (as of January 2022) at ONF experimental forest.

the three study sites up to 2015 for Eglin AFB, 2019 for PHP, and
January 2022 for ONF.

2.2.6. Litter biomass field measurements

Previously collected litter biomass field measurements were collated
and used for the accuracy assessment of the results of the proposed litter
accumulation model at Eglin AFB and PHP, whereas new data were
collected at ONF. These measurements consisted of destructive biomass
sampling on square or circular plots (known as clip plots) in which
biomass of different surface fuels (e.g., litter, shrubs, downed woody
debris, grasses) was collected, bagged and oven-dried.

At Eglin AFB, three management units were sampled (i.e., 703C,
608A, and L2F), and surface fuel data were collected over 166 square
clip plots in 2011 (1 m?) and 2012 (0.25 m?) in the framework of the
RxCADRE (Prescribed Fire Combustion and Atmospheric Dynamics
Research Experiment) project (Fig. 6) (Ottmar et al., 2015; Ottmar and

A

Eglin AFB

@  ONF focal trees

10 20

D RXCADRE sampled management units

Restaino, 2014). In 2011, 100 clip plots were established in five loca-
tions within the 703C and 608A units. In 2012, 66 samples were
collected in the L2F unit; 36 were on three highly instrumented plots
(HIPs) (west, east, and south HIPs), whereas the other 30 clip plots were
systematically located along three parallel transects (Figs. 6 and 7)
(Hudak et al., 2015; Hudak and Bright, 2014). All litter was collected,
but it was not sorted, so the samples included pine needles, oak and
broad leaves, and other tissue. Loads ranged from 0.05 to 1.27 kg m 2
(Table 1).

Another field campaign to characterize fuels was conducted at Eglin
AFB in 2015 within the framework of a past SERDP (Strategic Envi-
ronmental Research and Development Program) funded project. The
sampling was stratified based on canopy height and percent canopy
cover to represent the flatwoods and sandhills for open, single tree, and
tree clump conditions. Twenty-four plots were established in five man-
agement units that burned 2 years before data collection (Fig. 6). Each

ONF

K
m D SERDP sampled management units Canopy height model (m)
D Study sites PHP research units
L5 1 B
%..... EQinAFB D ONF research units 0 35

Fig. 6. Location of the 8 management units sampled in 2011, 2012 (RxCADRE), and 2015 (SERDP) at Eglin AFB; location of the 24 research units at the three
locations (A, B, C) at Pebble Hill Plantation (PHP) where litter biomass was collected between 2006 and 2020; and location of the 72 randomly selected focal trees at
Osceola National Forest (ONF) study site. UB: unburnt units at ONF (also labeled are units maintained at 1 yr, 2 yr, or 4 yr fire return intervals).
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Field clip plots measured at Eglin AFB, Pebble Hill Plantation (PHP), and Osceola National Forest (ONF) used for validation of model predictions. The table summarizes
the number of clip plots, and minimum, maximum, mean, and standard deviation of the litter biomass (LB) (kg m~2) for each site. Years since fire (YSF) indicates the
number of growing seasons since the most recent previous prescribed fire. UB: unburnt (64 YSF). Std Dev.: standard deviation of LB measurements.

Study site Accuracy Geolocation Units Sampling YSF  Litter type # Clip Min. LB Max. LB Mean LB Std Dev.
assessment resolution year plots (kg m™2) (kg m~2) (kg m™?) (kg m~2)
Eglin AFB Pixel & area- Clip plot 703C, 608A 2011 2 All litter 100 0.05 0.75 0.33 0.16
RxCADRE level L2F 2012 3 66 0.00 1.27 0.48 0.31
Eglin AFB Pixel-level Clip plot E-25, F-13, G- 2015 2 Pine, oak, 96 0.00 0.75 0.29 0.18
SERDP 20, H-23, H-4 broad leaf
ONF Pixel-level Clip plot All units 2022 1 Pine needle 216 0.07 0.50 0.26 0.09
2 216 0.04 0.67 0.26 0.11
4 216 0.13 0.83 0.42 0.14
UB 216 0.11 1.08 0.47 0.19
PHP Area-level Research unit A, B, C 2006-2020 1 Pine needle 300 0.00 0.55 0.12 0.09
2 204 0.00 0.84 0.16 0.12
3 155 0.01 0.90 0.20 0.16
4 58 0.01 0.44 0.18 0.11
5 36 0.00 0.54 0.18 0.16
6 6 0.05 0.67 0.26 0.21

plot center was geolocated, and surface fuels were collected in four clip
plots (0.25-0.50 m?) located 5 m from the plot center in azimuthal di-
rections 60°, 120°, 240°, and 300°, totaling 96 clip plot measurements.
Different fuel categories were sorted including pine needles and fine
litter, and oak and other broad leaves. Grass was not separated from pine
litter during data collection, but an ocular estimation of the percentage
of each component was noted when possible. Litter loads including pine
and broad leaves ranged from 0.00 to 0.75 kg m~2 (Table 1).

At PHP, litter of pine needles was collected at 24 replicated research
units (~0.12 ha) burned in May-June at 1-6 year intervals between
2006 and 2020. These units were in three localized sites (A, B, C) across
the larger PHP property under study (Figs. 6 and 8). There were 4-6
collections per fire totaling 759 samples over the collection period. Clip
plot geolocations were not recorded, and the number of measurements
per years since fire (YSF) was lower for longer fire return intervals. Pine
needle biomass ranged from 0.00 to 0.90 kg m~2 and was variable
among sites (Table 1).

At ONF, litter was sampled in the 24 research units between January
and February 2022 (Fig. 6). The sampling protocol was designed to
address the non-random distribution of surface fuels expected on the
forest floor based on canopy cover, i.e., considering the trees as the main
source of litter inputs. Three focal trees per unit were randomly selected
and geolocated using a Trimble Geo7x GPS (Fig. 6). Litter was collected
within square clip plots (0.09 m?) along transects leading away in the
cardinal directions (N, S, E, W) from the base of the focal tree at 1, 2, and
4 m. The data were collected in all the units in the days immediately
preceding the prescribed fires. YSF ranged from 1 to 4 years except for
the unburned units that were 64 YSF, as the last burn was in 1958
(Table 1).

3. Methods

The workflow of the proposed model is presented in the conceptual
diagram of Fig. 1. It involves three main steps. First, we map annual
litter production using ALS data, tree inventory data, and ancillary data
to estimate foliage biomass at the tree crown level and to inform litterfall
patterns (Section 3.1). In the second step, we quantify tree leaf litter
accumulation through a spatially explicit implementation of the Olson
(1963) accumulation model (Section 3.2). We finally assess the accuracy
of the model by comparing our estimates to independent litter biomass
measurements from the field (Section 3.3).

3.1. Tree ledf litter production model

The spatially explicit estimation of litter production involves (1)
generation of an individual tree crown map through segmentation of

ALS data and computation of tree crown attributes from the ALS point
clouds; (2) estimation of the total foliage biomass of each tree crown
through RF modeling; and (3) estimation of annual litterfall at the crown
level from leaf turnover rates and litter dispersal over the forest floor
using a convolution filter.

3.1.1. Individual tree crown segmentation

The individual tree crown (ITC) segmentation was generated from
the ALS data, using the R ‘lidR’ and ‘lidRplugins’ packages (Roussel
et al., 2020). First, the locations of treetops were identified by applying
the ‘multichm’ algorithm, based on iterative CHM generation from the
point cloud, and a sequential detection of potential tree tops step using a
local maximum filtering approach within a moving window over various
CHMs (Eysn et al., 2015). The treetop locations and the CHM raster were
subsequently used in the ‘silva2016’ segmentation algorithm (Silva
et al.,, 2016) to generate the ITC segments. The parameters of both
processing steps were set by the interpreter, assessing visually the ac-
curacy of the segmentation (Appendix A, Section 2.3). The segmentation
was performed on the full ALS extent of the three study sites (Fig. 2), and
at additional sites at TTRS, Ft Stewart, Ft Jackson, and JERC where the
tree inventory data were used for the accuracy assessment of the foliage
biomass estimates (Appendix A, Figure A2).

For each ITC segment, 28 crown attributes were calculated from the
ALS point cloud (Table 2) to be used as predictors in the RF foliage
biomass model. None of the inventoried trees on the training plots
(Appendix A, Table A1) and only four trees (<0.04% trees) on the
assessment plots had an estimated crown projected area smaller than 1
m?. Besides that, all trees were at least 10 cm of dbh. Therefore, seg-
ments with a crown area smaller than 1 m? or with crown height lower
than 1.37 m, were removed from the segmentation. Crown height was
defined by the 99th percentile of return height (Table 2).

3.1.2. Crown-level foliage biomass estimation

Tree crown foliage biomass (kg) was estimated for each ITC segment
through RF modeling using the ‘randomForest’ package in R (Breiman,
2001; Liaw and Wiener, 2002; R Core Team, 2021). The methodology
was adapted from Rocha et al. (2023), and the processing steps are
summarized as follows. The detailed description is reported in Appendix
A.

The RF was trained using as the response variable foliage biomass
estimated through allometric equations for each measured tree included
in the inventory dataset and using as predictor variables the crown at-
tributes derived from the ALS data (Appendix A, Section 2.2). ITC seg-
mentation was first performed on the ALS data covering each tree
inventory plot (Appendix A, Section 2.2.1). The individual tree records
from the inventory dataset were then matched to ITC segments by
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Table 2
Crown attributes computed from the ALS point cloud for each ITC segment. In
bold, the attributes selected as predictors in the RF model.

Feature Definition

HMAX (m) Maximum crown height
HMEAN (m) Mean crown height

HVAR Crown height variance

HSD (m) Crown height standard deviation
HKUR Height kurtosis

HSKEW Height skewness

CBH (m) Crown base height

H5TH (m) Crown height 5th percentile
H25TH (m) Crown height 25th percentile
H50TH (m) Crown height 50th percentile
H60TH (m) Crown height 60th percentile
H70TH (m) Crown height 70th percentile
H75TH (m) Crown height 75th percentile
H80TH (m) Crown height 80th percentile
H90TH (m) Crown height 90th percentile
H95TH (m) Crown height 95th percentile
H99TH (m) Crown height 99th percentile
CL (m) Crown length (HMAX - CBH)

CRAT Crown ratio (CL/CBH)

CRAD (m) Crown Radius (sqrt(crown area/pi))

CPA (m?) Simplified Crown Area (pi*CRADZ)

cv (m%) Crown volume as the convex hull 3D

CSA (m?) Crown surface area as the convex hull 3D

CDS (%) Crown Density [(number of return > CBH / total return)*100]
CRT HMAX -based crown ratio (100*CL/HMAX)

CFI Crown form index (100*CL/ (2*CRAD))

CTI Crown thickness index (100*(2*CRAD)/CL)

CSR Crown spread ratio (100*(2*CRAD)/CBH)

minimizing a distance metric computed in a multi-dimensional space
(Appendix A, Section 2.2.2). As a result, a total of 404 ITC segments
were successfully linked to individual tree records and were used for
training the RF model. Following Rocha et al. (2023), the most impor-
tant predictors for the RF model were selected based on the correlation
between the variables and the model improvement ratio (MIR), a stan-
dardized measure of variable importance (Evans and Murphy, 2018;
Silva et al., 2017). The RF model was run in regression mode, and the
number of random trees was set to 1000; the number of predictors
considered at each node split was set at the default (p/3) in the ‘ran-
domForest’ package, where p is the number of variables included in the
model (Appendix A, Section 2.2.3).

Once the RF model was trained, foliage biomass was predicted for
each crown delineated within the three study sites.

3.1.3. Annual tree leaf litter production

Annual tree crown leaf litterfall, i.e., the amount of foliage biomass
annually shed by the tree (kg m~2 yr 1), was estimated as a fraction of
the crown foliage biomass, determined by the expected leaf turnover
rate (He et al., 2012; Reinhardt, 2003; Tupek et al., 2015; White et al.,
2000):

FB; LTR;
L= CPA, (€Y
where L; (kg m2 yrfl) is the annual tree leaf litterfall for tree crown i;
FB; (kg) is the estimated foliage biomass for the tree crown i; LTR;
(yr’l) is the leaf turnover rate associated with crown i; and CPA; is the
crown projected area (m?).

Leaf turnover rate (LTR) is the expected proportion of the foliage
biomass that annually falls from a tree. It depends on tree species and
environmental factors, with deciduous trees shedding the full foliage
every year, whereas evergreen species retain a fraction of the foliage
based on species, light, temperature, water, and nutrient availability
(Holder, 2000; Jonasson, 1989; Kudo, 1992; Miyaji et al., 1997; Thomas
and Stoddart, 1980). Since ALS data do not identify tree species, LTR;
was assigned to each crown based on the forest type map (Fig. 3) as the
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inverse of the expected leaf longevity of the dominant species (Holder,
2000; Schoettle et al., 1994; White et al., 2000).

In particular, the longleaf/slash pine group was the dominant forest
type (Fig. 3). Holder (2000) reported large variability in needle lifespan
of slash pine (1.28 — 1.95 years) and longleaf pine (0.58 — 2.49 years).
Gholz et al. (1985) reported increases in needlefall with stand age up to
15 years, coinciding with the maximum of foliage biomass (Gholz and
Fisher, 1982), and a decline of litterfall in old stands that parallels litter
production. Based on these studies, we attributed higher LTR (lower
lifespan) to slash and longleaf pine at Eglin AFB (LTR = 0.58 yr !, i.e.,
leaf life span = 1.7 yr) than ONF and PHP (LTR; = 0.45 yr 1, i.e., leaf
life span = 2.2 yr), where stands were structurally more mature (Ap-
pendix A, Table A1 and A2). LTR; for each tree crown i was assigned
based on the raster cell (i.e., pixel) of the forest type map intersecting
their centroid. If a tree crown was delineated on a pixel classified as
non-forest, LTR; was set to the predominant longleaf/slash pine forest
type (Table 3).

Finally, the tree crown leaf litterfall estimates were rasterized at 5 m
spatial resolution, which approximates the size of the dominant tree
crown in this ecosystem (Loudermilk et al., 2011).

To account for the dispersion of litterfall from the tree due to wind, a
convolution filter with a 3 x 3 kernel size was applied to the 5 m ras-
terized map. Higher litter accumulation is observed under or near tree
crowns, and litter mass tends to decrease significantly 4 m from gap
edges (Brockway and W. Outcalt, 1998). Therefore, making the con-
servative assumption that litter will mostly remain near each tree, we
assigned a higher weight (2/3) to the focal pixel (center cell of the
matrix) and distributed the remaining 1/3 uniformly among the
remaining eight pixels, resulting in the following kernel matrix:

1 1 1
24 24 24
1 2 1
K=|— = — 2
24 3 24 2
1 1 1
24 24 24
In the final map, litterfall was estimated at each pixel location as:
9
L => Kl (3
Jj=1

where LJ:( is the final value of the tree leaf litter production in pixel x, K; is
the value of the kernel at location j in the 3 x 3 window, and L; is the tree
leaf litterfall estimated from the rasterization of Eq. (1) at location j in
the 3 x 3 window centered on pixel x.

3.2. Tree leaf litter accumulation model

In this second step, we quantify tree leaf litter accumulation through
a spatially explicit implementation of the Olson (1963) litter accumu-
lation model using as model parameters the raster annual tree litterfall
map (Section 3.1), decomposition rates estimated from MODIS actual
evapotranspiration data (AET) (Fig. 4) (Gholz et al., 2000; Senay and
Kagone, 2019), and the number of years since the last fire (YSF)
compiled from fire history records (Fig. 5).

Table 3
Leaf turnover rates (LTR) attributed to the main forest types found in the study
sites (Gholz et al., 1985; Holder, 2000; Schoettle et al., 1994).

Forest type Group LTR (yr 1)
Longleaf / slash pine Softwood 0.45-0.58
Loblolly / shortleaf pine Softwood 0.30

Oak / pine Hardwood 0.75

Oak / hickory Hardwood 1

Oak / gum / cypress Hardwood 1
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The Olson model is defined by two main parameters, the annual litter
production (L) and the decomposition rate (k), and can be easily
modified to consider litter that might remain unburnt after fire (Birk and
Simpson, 1980; Zazali et al., 2020):

B(t) = % (1—e™) + BY%* C)]
where B(t) (kg m~2) is the biomass accumulated at time t, L (kg m2
yr’l) is the annual litter production, k (yr’l) is the decomposition rate,
and B (kg) is the litter at time t = O (i.e., the amount of litter not
removed by the last fire).

In the absence of litter removal, a steady state is eventually reached
when litter decomposition equals accumulation; peak accumulation BSS
(kg mfz) can be expressed as:

BS = 5
% 5)
The Olson equation is an accumulation model well suited for stand-
level and landscape analysis, but in the original formulation (Eq. (4)) it
does not account for spatial heterogeneity. It is straightforward to write
a spatially explicit version of the model:

B )= i_ (1= ) 4 et () ®)

where all the parameters of Eq. (4) are defined at each pixel location x,
and T? is the time of the last known fire at each location.

Eq. (6) was used to estimate the biomass accumulation over the three
study sites, with the relevant parameters set as follows:

- Ly: the annual litter production rate is obtained from Eq. (3) as the
output of the annual litter production model (Section 3.1).

ky: the decomposition rate was estimated as a function of AET,
through the regression model by Gholz et al. (2000) developed as
part of the Long-term Intersite Decomposition Experiment (LIDET).
LIDET was a litter-bag experiment that studied decomposition trends
in several species across different sites in North and Central America,
representing a wide variety of natural and managed ecosystems and
climates, and provided species-specific equations for the decompo-
sition rate. Our sites are dominated by pine species, where needles
are the dominant leaf tissue. This litter has a larger lignin content and
a smaller leaf specific area, so the decomposition rate is expected to
be slower compared to deciduous dominated areas. The decompo-
sition equation used was the linear model for pine leaves (Gholz
et al., 2000):

ke = 0.0139 + 0.0003 AET, (@]

where AET, is the average annual evapotranspiration at the location x,
calculated from the MODIS AET product (Section 2.2.4) resampled to 5
m resolution.

- TY: the time of last fire was provided by the fire history records being
T the year of last fire. At locations where no fires were recorded
within the timeframe covered by the fire records (i.e., no fire since
1972 at Eglin AFB, nor since 1996 at PHP), we assumed that the
steady state accumulation was reached.

- B{: litter at time T, i.e., litter remaining unburnt after last fire. In this
case, it is based on the post-fire litter samples collected at Eglin AFB
within the frame of the RXCADRE project (Ottmar et al., 2015). A
constant value B® = 0.04 kg m~2 was used in all cases.
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3.3. Accuracy assessment

The accuracy of the model was evaluated at two different levels,
pixel and area, each comparing model estimates of tree leaf litter
biomass with field measurements of litter biomass collected over the
past two decades in the three study sites (Section 2.2.6). The year of the
last fire was known at the time of the data collection, so the litter
accumulation model (Eq. (6)) was re-run for each required YSF.

3.3.1. Pixel-level assessment

We assessed the accuracy of the model at the pixel-level by
comparing litter biomass estimated on individual 5 m x 5 m pixels to
field measurements with known clip plot geolocations (Table 1). Pixel-
level assessment was performed at Eglin AFB and ONF, where the GPS
coordinates of the clip plots were known.

At Eglin AFB, each validation point consisted of a clip plot mea-
surement and the estimated litter biomass of the intersecting pixel of the
accumulation map, totaling 262 observations (166 from the RxCADRE
project, and 96 from the SERDP project). At ONF, the field sampling
protocol was designed at a sub-pixel level (<5 m), since twelve clip plots
were located within 4 m from a focal tree (Section 2.2.6). The average of
these twelve samples was used as the observed field litter biomass at the
location of each focal tree (Fig. 6) and the intersecting pixel as the
estimated litter biomass value, resulting in 72 pixel-level observations.

The precision of the predictions was evaluated by computing the
Root Mean Square Difference (RMSD):

n

RMSD = ®

where n is the number of pixel-level measurements, Y; is the field litter
biomass (kg m~2) measured for pixel i, and Y,» is the litter biomass (kg
m2) predicted in pixel i.

The accuracy of the predictions was evaluated by computing the
bias:

n

BiAs =1 S (Y- 9)
i=1

Note that litter samples collected at ONF only included litter from
pine needles while our predictions accounted for all trees detected in the
ALS data. The percentage of foliage biomass expected from deciduous
trees was calculated from the tree inventory data using allometric
equations (Appendix A, Table A3), resulting in a residual 1.1% that was
considered negligible.

3.3.2. Area-level assessment

We also assessed the accuracy of the model at a raster multi-pixel
level (hereinafter area-level assessment). In this case, litter areas
enclosing several field litter clip plots were defined, and the average of
the litter biomass measurements collected from the clip plots was
compared to the average predicted litter biomass computed from all the
pixels intersecting the perimeter of the litter area. Area-level assessment
was performed at PHP and Eglin AFB using the litter biomass field
measurements collected during the RxCADRE project. Note that the field
sampling protocols at Eglin AFB in 2015 and at ONF in 2022 were
designed at pixel and sub-pixel levels (<5 m), and hence were excluded
from the area-level assessment.

At Eglin AFB, 9 litter areas enclosing the 262 field litter clip plots
were manually delineated around the clusters of the clip plots collected
for the RXCADRE project (Hudak et al., 2015; Hudak and Bright, 2014).
These litter clip plots were systematically placed within sub-units or
along parallel transects at regular intervals defining a specific sampling
extent (Section 2.2.6). The delineated extent ranged from 0.09 to 2.4 ha
except for a larger defined litter area in the L2F unit (72.4 ha) that was
delineated over the three parallel transects distributed at 100 m
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intervals over half of the management unit (Fig. 7).

At PHP, the litter areas consisted of the 24 research units (0.12 ha) in
which litter was collected between 2006 and 2020 (Fig. 8). These areas
were variously sampled at 1-6 YSF; therefore, a total of 68 replicates
(research unit per YSF) were used for model assessment.

The precision and accuracy of the predictions at the area-level were
again evaluated by computing RMSD and BIAS using Egs. 8 and 9, with
Y; being the average litter biomass collected from the clip plots for each

defined litter area i, and Y; being the average predicted litter biomass
from all the pixels of the litter accumulation map intersecting the
perimeter of litter area i.

Litter samples used for model assessment at PHP only included litter
from pine needles. Around 12% of biomass within the A units would
correspond to deciduous trees, 1% on the B units, and 9% on the C units.
For model assessment on A and C units, we subtracted this percentage

from the predicted litter average (?i).

The accuracy of the model was assessed in additional longleaf pine
dominated forests of the North American Coastal Plain where field litter
biomass measurements with known YSF and collocated with ALS data
were available. These additional sites were JERC (Georgia), TTRS
(Florida), Ft Stewart (Georgia), and Ft Jackson (South Carolina) (Ap-
pendix B, Figure B1). For a full description of the extended model
assessment, including the field sampling protocols, model parametri-
zation for each site, and accuracy assessment, refer to Appendix B.

4. Results
4.1. Tree leaf litter production

The percentage of variance explained by the RF model trained to
predict tree crown foliage biomass was 57.7%. The crown attributes
selected as predictors, in order of importance based on the mean
decrease in accuracy, were CRAD (39.0%), CBH (28.8%), H25th
(28.0%), HVAR (27.5%), CDS (17.6%), and CL (15.6%) (in bold in
Table 2). Estimated average foliage biomass was 0.31 kg m~2 at Eglin
AFB, 0.26 kg m~2 at PHP, and 0.57 kg m~2 at ONF. Fig. 9 exemplifies the
foliage biomass estimated per crown and the resulting litter production
maps for the three locations A, B, and C at PHP.

The average annual tree leaf litter production estimated with our
crown-based model was 0.18 kg m~2 yr~! at Eglin AFB, 0.11 kg m 2 yr~!
at PHP, and 0.26 kg m 2 yr~! at ONF (Fig. 10).

4.2. Tree leaf litter accumulation

Predicted average decomposition (k) at Eglin AFB was 0.21 yr™, at
PHP was 0.33 yr %, and at ONF was 0.40 yr . There was a large spatial
variability in decomposition rates within Eglin AFB reflecting AET,
ranging by an order of magnitude from 0.05 to 0.46 yr~! across this
largest study site (Fig. 4). Accordingly, the time necessary to reach 95%
of the steady state of litter accumulation based on the Olson model at

0 0.175
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Fig. 8. Research units (here litter areas) where litter was sampled at Pebble Hill
Plantation (PHP) at the A, B, and C locations (Fig. 6) between 2006 and 2020.

Eglin AFB averaged ~16 years, while at PHP it was ~9 years, and at ONF
it was ~7 years. Average predicted surface tree leaf litter in 2015 at
Eglin AFB was 0.39 kg m~2, in 2019 at PHP was 0.27 kg m~2, and in 2022
at ONF was 0.44 kgm’z (Fig. 11). Higher values result from the larger
proportion of the area that is not frequently burned. Fig. 12 shows the
estimated litter accumulation per time since fire for each of the study
sites.

4.3. Model assessment

4.3.1. Pixel-level assessment
RMSD and BIAS were 0.21 and 0.01 kg m~2, and the R Pearson

correlation between predicted (?i) and observed (Y;) values was 0.51
(Fig. 13, Table 4).

At Eglin AFB, RMSD of estimated litter loads was relatively similar
compared to the two validation datasets (Table 4). Litter loads were
underestimated compared to the RXCADRE measurements (BIAS =
—0.06 kg m~2) and, to a lesser degree, overestimated compared to the
SERDP measurements (BIAS = 0.02 kg m’z) (Fig. 13, Table 4). This
pattern was expected since tree leaf litter was not separated from other
tissue, such as bark, during the RXCADRE field data collection (Table 1).
At ONF, the RMSD was only slightly worse than at Eglin AFB but litter
loads were more positively biased (RMSD = 0.21 kg m °, BIAS = 0.14 kg
m~2) due mostly to the large overestimation at the unburned control
units (Tables 4 and 5). Summarized by YSF, the contribution of the
unburned units at ONF to the overall overestimation of litter loads is

more apparent (Table 5).

ol Litter areas
Canopy height model (m)

Fig. 7. Litter areas defined at Eglin AFB within the L2F, 608A, and 703C management units (Fig. 6) where litter was sampled in 2011 and 2012 during the

RxCADRE project.
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Fig. 9. Estimated foliage biomass density (left) and estimated annual tree leaf litter production (right) at the research units (here litter areas) at Pebble Hill
Plantation (PHP). The tree crown segmentation is displayed to reference the tree locations. Foliage biomass density (kg m™2) is calculated as the total estimated
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Fig. 10. Estimated annual tree leaf litter production at Eglin AFB, Pebble Hill Plantation (PHP), and Osceola National Forest (ONF).
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Fig. 11. Estimated tree leaf litter loads at Eglin AFB, Pebble Hill Plantation (PHP), and Osceola National Forest (ONF) in 2015, 2019, and 2022 respectively.

4.3.2. Area-level assessment distribution mainly driven by tree foliage biomass and time since the last

At the area-based level, RMSD and BIAS were 0.09 and 0.01 kg m ™2, fire. Previous studies already showed a relationship between litter loads
and the R Pearson correlation between predicted (Y;) and observed (¥;) and overlying tree foliage and/or time since last disturbance (Bright
values was 0.73 (Fig. 14, Table 6). et al.,, 2022; Dunn and Bailey, 2015; Eskelson and Monleon, 2018;

By site, RMSD and BIAS were 0.09 and —0.05 kg m~2 at Eglin AFB, Hudak et al., 2016; Lydersen et al., 2015; Stevens-Rumann et al., 2020).
and 0.09 and 0.02 kg m~2 at PHP. At PHP, precision (RMSD) was better ~ For instance, Hudak et al. (2016) reported high correlation between
at the C unit than at the A or B units, while accuracy (BIAS) was better at surface fuel loads, ALS canopy-related variables, and YSF at Eglin AFB.

the B and C units than at the A unit (Table 6). Also, Bright et al. (2022) predicted surface fuels with ALS data showing a

Predicted litter loads were in good agreement with field-measured non-linear accumulation pattern as is described by the Olson model. The
loads when stratified by YSF, as shown by the low observed BIAS up Bright et al. (2022) study was conducted on the Kaibab Plateau of Ari-
to the 6 years since fire (Table 7). The R Pearson correlation between ~ zona and another study by Boisramé et al. (2022) spanned the entire
predicted (Y,) and observed (¥;) values was high (R > 0.75) at 2 and 3 western U.S., where fire return intervals are slower (decadal), yet the

YSF, and moderate in all the other cases (R > 0.40). Note that the functional form of the relationship to YSF is the same. We demonstrated
number of clip plots and litter areas available for evaluation decreases in this study that canopy litter inputs and YSF are two major drivers of
with YSF. accumulation in fire-maintained longleaf pine forests of the south-
eastern US, especially during the first few years following fire. We also
demonstrated that the proposed model, based on tree crown objects
derived from ALS data, provides a means to characterize spatially
explicit litterfall patterns and the discontinuity of the litter layer
conditioned on the overstory, such that the resulting heterogeneity

5. Discussion

Our newly developed modeling approach was successful for esti-
mating spatially and temporally explicitly leaf litter accumulation and

10
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Fig. 12. Boxplots of the estimated tree leaf litter accumulation (kg m~2) based on the year since fire (YSF) of the maps displayed in Fig. 11. UB: unburnt; YSF = 0 not
displayed; 0.3% of the 5 m pixel values of the tree leaf litter accumulation map that had litter biomass larger than 3 kg m~2 are not displayed on the graph.
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Fig. 13. Observed tree litter (kg m~2) of the 334 pixel-level measurements made at Eglin AFB (during RxCADRE and SERDP projects) and Osceola National Forest
(ONF) (y axis), and estimated tree leaf litter (kg m~2) of the intersecting pixels of the accumulation map (x axis). The dashed line represents the 1:1 relationship, and
the solid line represents the linear regression (y = f, + f;x).

Table 4

Average observed tree litter (kg m~2) and average estimated tree leaf litter (kg m~2) of the 334 pixel-level measurements made at Eglin AFB and Osceola National Forest
(ONF); n, indicates the number of pixel-level measurements evaluated at each site based on independent field validation datasets. Intercept (f,) and slope (f;) of the
linear regression between the field-based (y) and estimated litter loads (x), Pearson’s correlation (R), root mean square difference (RMSD), and BIAS.

Site Dataset n, avg(Y;) (kg m™2) avg(Y:) (kg m™2) Bo M R RMSD (kg m~2) BIAS (kg m™?)
Eglin AFB RxCADRE 166 0.39 0.34 0.18 0.64 0.55 0.22 —0.06
SERDP 96 0.28 0.30 0.15 0.45 0.46 0.19 0.02
ONF Burns 2022 72 0.36 0.50 0.16 0.40 0.70 0.21 0.14
All All 334 0.35 0.36 0.18 0.49 0.51 0.21 0.01
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Table 5

Average observed tree litter (kg m~2) and average estimated tree leaf litter (kg m~2) of the 334 pixel-level measurements made at Eglin AFB and Osceola National Forest
(ONF) per year since fire (YSF); n, indicates the number of pixel-level measurements evaluated per YSF. Intercept (f,) and slope (f;) of the linear regression between
the field-based (y) and estimated litter loads (x), Pearson’s correlation (R), root mean square difference (RMSD), and BIAS. UB: unburnt.

YSF n, avg(Y;) (kg m™>) avg(¥) (kg m2) o A R RMSD (kg m™2) BIAS (kg m™2)
1 18 0.27 0.31 0.20 0.21 0.32 0.11 0.04
2 214 0.31 0.31 0.17 0.42 0.48 0.18 0.01
3 66 0.48 0.37 0.16 0.87 0.60 0.27 —0.11
4 18 0.43 0.56 0.23 0.37 0.52 0.16 0.13
UB 18 0.48 0.74 0.43 0.07 0.13 0.34 0.27
1.00

=-0.01 + 0.98x
R?=0.52

— 0.754

-2

0.504

Eglin RxCADRE

Observed tree litter density (kg m

e PHPA
095 * PHPB
PHP C
0.00 v T T
0.00 0.25 0.50 075 1.01

Estimated tree leaf litter density (kg m 2)

Fig. 14. Average observed tree litter (kg m~2) of the 77 defined litter areas at Eglin AFB and Pebble Hill Plantation (PHP) (y axis), and average estimated tree leaf
litter (kg m~?) of all the pixels of the litter accumulation map intersecting the same litter areas (x axis). The dashed line represents the 1:1 relationship, and the solid
line represents the linear regression (y = f, + f;%).

Table 6

Average observed tree litter (kg m~2) and average estimated tree leaf litter (kg m2) of the 77 litter areas (ny,) defined at Eglin AFB and Pebble Hill Plantation (PHP); n,
indicates the number of clip plot measurements per site and dataset. Intercept (f3,) and slope () of the linear regression between the field-based (y) and estimated
litter loads (x), Pearson’s correlation (R), root mean square difference (RMSD), and BIAS.

Site Dataset/Location Nja n, avg(Y;) (kg m™?) avg(Yi)(kg m™2) Bo b/ R RMSD (kg m~?) BIAS (kg m™2)
Eglin AFB RxCADRE 9 166 0.40 0.35 0.09 0.88 0.85 0.09 -0.05
PHP A 23 252 0.11 0.16 —0.01 0.72 0.36 0.10 0.05
B 22 221 0.18 0.19 0.11 0.37 0.34 0.09 0.01
C 23 286 0.21 0.21 0.06 0.75 0.70 0.06 -0.01
All All 77 925 0.19 0.20 —0.01 0.98 0.73 0.09 0.01
matches field observations fairly well. directly comparable with measurements collected through field traps
Our leaf litter accumulation estimates showed a significantly low which are typically placed in points with high tree canopy cover. Our
BIAS up to 4 YSF, which suggest that the litterfall inputs included on the explicit consideration of discontinuity in surface fuelbed development is
spatially explicit implementation of the Olson model were within the a central contribution of our study. Furthermore, the moderate to high
expected range. Our annual litter production averages (0.11-0.26 kg correlation between predicted and observed litter biomass loads
m~2 yr~1) were lower than published measurements obtained with field (Tables 4-7) is notable considering the high local heterogeneity on the
traps in similar forest regions, which generally ranged from 0.3 to 0.6 kg forest floor (Table 1), and the difference in size between the litter clip
m~2 yr~! depending on species, maturity, and site index (e.g., Gholz plots (0.09-1 m?) and the raster pixel size of the leaf litter accumulation
et al., 1985; Gresham, 1982; Haywood et al., 1995; Wiegert and Monk, map (25 mz).
1972). However, it should be noted that our estimates are averaged over Our results also indicate that the lack of individual tree species maps
large areas including gaps and low tree canopy cover, so they are not for the entire extent of the study sites was a significant source of
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Table 7

Ecological Modelling 481 (2023) 110369

Average observed tree litter (kg m~2) and average estimated tree leaf litter (kg m~?2) of the 77 litter areas (n;,) defined at Eglin AFB and Pebble Hill Plantation (PHP) per
year since fire (YSF); n,, indicates the number of clip plot measurements per YSF. Intercept (f,) and slope (#;) of the linear regression between the field-based (y) and
estimated litter loads (x), Pearson’s correlation (R), root mean square difference (RMSD), and BIAS.

YSF iy n, avg(Y;) (kg m™2) avg(¥:) (kg m™2) fo A R RMSD (kg m~2) BIAS (kg m™?)
1 21 300 0.13 0.12 -0.03 1.33 0.44 0.05 -0.01

2 23 304 0.20 0.21 ~0.00 0.94 0.76 0.07 0.01

3 19 221 0.26 0.26 -0.07 1.30 0.80 0.11 -0.01

4 9 58 0.18 0.26 0.05 0.49 0.40 0.12 0.08

5 4 36 0.22 0.25 —0.55 3.13 0.61 0.13 0.02

6 1 6 0.26 0.23 - - - 0.02 —0.02

uncertainty. The 30 m resolution forest group map was too coarse to
fully characterize the variability of the forest composition at the study
sites, especially given the localized extents of our assembled calibration
datasets. For instance, the larger discrepancies between observed and
predicted values in the A research units compared to the B and C units at
PHP could be explained by the higher proportion of shortleaf pines in
unit A, whereas the forest type group map (Fig. 3) indicates that the
longleaf/slash group is the prevalent type. The availability of individual
tree species maps would also facilitate further development of the pro-
posed model, allowing for the characterization of litter structure. For
instance, longleaf pine trees tend to create an aerated fuel bed of nee-
dles, some suspended in the herbaceous and shrub understory vegeta-
tion, whereas shortleaf pine needles are much more likely to accumulate
densely on the forest floor (Reid and Robertson, 2012). Data fusion
between ALS and high resolution optical data are promising avenues for
the generation of wall-to-wall tree species maps (Ferreira et al., 2020;
Hartling et al., 2019; Mayra et al., 2021; Shi et al., 2018), and it will be
investigated in the context of future improvements to the proposed
model.

Furthermore, year-to-year studies of needlefall and leaf lifespan in
pine forests show that litter production is not a steady process in time or
space (e.g., Gholz et al., 1985; Holder, 2000; Liu et al., 2004; Wiegert
and Monk, 1972). Holder (2000) studied the leaf lifespan of longleaf and
slash pines in five locations in the southeastern US and reported large
plasticity, especially in longleaf pine (0.58-2.49 years compared to slash
pine’s range of 1.28-1.95 years). Wiegert and Monk (1972) studied
litterfall dynamics in three forest stands of longleaf pine of different ages
(7, 11, and 13-years). They observed that approximately 50% of the
needles were recovered as litterfall each year, but there was variability
among sites, ranging from 29% in the 7-year to 86% in the 11-year
stands. Climate and weather variability could induce periods of stress
in which foliage production slows down and/or litterfall is promoted
due to nutrient deficits and sudden events (e.g., hurricanes, windstorms,
insect infestations, or crown scorch from previous fire). Besides this, our
litter distribution approach based on the convolution filter assumes that
litter mostly remains under the tree canopy, and evenly disperses to
neighboring cells. However, both prevailing winds and topographic
slope could cause anisotropic patterns of accumulation.

Fire regimes induce changes in decomposer activity by affecting
fungal and microbial communities (Brennan et al., 2009; Butler et al.,
2019; Dao et al., 2022; Fox et al., 2022; Hopkins et al., 2020; Semeno-
va-Nelsen et al., 2019), but the pathways linking these processes are still
poorly understood. Impacts could differ under the presence of
fire-adapted organisms or under different fire intensities (Hopkins et al.,
2020). Butler et al. (2019) reported faster microbial decomposition on
unburned treatments compared to sites burnt every 2 and 4 years;
however, they also indicated that invertebrate activity compensated for
the microbial depletion to inhibit decomposition in these frequently
burnt areas. Semenova-Nelsen et al. (2019) reported a 6.5%, 11%, and
13% difference in litter mass loss after 3-, 6-, and 9-months following fire
on litter samples collected in recently burned and less recently burned
longleaf pine forest. Previous measurements at the Stoddard Fire Plots at
TTRS in the organic matter turnover was more than twice as high in
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unburned than in the frequently burned (1-3 year interval) plots
(Godwin et al., 2017). We speculate that changes in decomposition
might also explain some of the patterns observed in our results. For
instance, field data collected at PHP shows a decrease in litter accu-
mulation after 3 YSF (Table 1). The field samples were not geolocated
within the research units, and the number of samples with YSF>3 was
low, such that this trend could be attributed to undersampling. How-
ever, this result and the overestimation of litter loads in the 4 YSF and
unburnt units at ONF do suggest an increase in decomposition rate after
a few years since fire. The development of deeper litter (and eventually
duff) layers could absorb more moisture and promote more microbial
activity, and microbial communities presumably become increasingly
established in the litter and duff layer with time since fire (Semeno-
va-Nelsen et al., 2019). Therefore, a two- or multi-phase litter decom-
position model, as opposed to the one phase used in our implementation
of the Olson model, might improve the estimates of litter loads with
increasing time since fire (Harmon et al., 2009; Zazali et al., 2020).

Given the short return interval of prescribed fires in the ecosystems
studied, information on the complete fuel life cycle, including con-
sumption during fires, decomposition between fires, and resulting fuel
loads at time of fire, is important to better predict fuel load dynamics
over multiple fire intervals. The Olson model, as originally proposed,
assumed that litter was not initially present on the forest floor. In
contrast, empirical studies report that a significant proportion of litter,
as much as half, remains unburned, especially after prescribed fires
(Hudak et al., 2020; Ottmar et al., 2015; Reid et al., 2012). While we
accounted for unburned biomass, we used a constant B® value, based on
post-fire litter samples collected at Eglin AFB during the RxCADRE
project (Ottmar et al., 2015; Ottmar and Restaino, 2014). This constant
value might explain the lower correlation between predicted and
observed values in the first year after fire compared to the second and
third year, even though the average values were similar (Table 7).
Future research will investigate whether the fraction of unburned litter
could also be mapped, either through monitoring the fire behavior and
assessing fuel consumption using tools such as thermal remote sensing
data, or investigating whether local fuel consumption may be driven by
the same tree clustering patterns that determine the heterogeneity
imposed by our spatially explicit model.

The above limitations notwithstanding, the results demonstrate that
the proposed model is able to generate spatially and temporally explicit
estimates of tree litter fuel load accumulation in environments subject to
frequent surface fires at 5 m resolution and annual time steps. Such
information is currently missing for most forested sites: previously
proposed methods, including ecological-based models and data-driven
techniques, do not account for the spatial and temporal variability of
the litter bed. Collating input litterfall information through traditional
field sampling methods is time-consuming and expensive, and it does
not provide wall-to-wall information. The use of ALS data and new
techniques of image segmentation to estimate expected litterfall rates at
the tree crown level largely overcomes this limitation. Our model also
outperforms empirical data-driven approaches that use surface fuel data
for training models (e.g., Bright et al., 2022; Lydersen et al., 2015). The
transferability of those models is limited by the amount of data required
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to represent the tremendous heterogeneity of fuels (Keane, 2015, 2008;
Keane et al., 2013, 2012, 2001; Keane and Gray, 2013). In contrast, our
model did not require litter biomass measurements. Rather, we esti-
mated foliage biomass using tree inventory data which is more widely
available and easier to collect, it is less prone to undersampling, and it is
more consistent between sites. As a result, our model is transferable
among Coastal Plain longleaf pine forests, as demonstrated by the con-
sistency of the results at all evaluated sites, including other sites in the
extended model assessment (Appendix B). The workflow can also be
adjusted to sites dominated by different tree species and environmental
conditions. Our approach can provide annually updated maps of litter
loads to forest managers. Many available products providing informa-
tion on surface fuels are static maps based on fuelbed or vegetation types
(e.g., those derived from the fuel characteristics classification system,
FCCS). By incorporating fire history maps, we assert that litter loads can
be dynamically updated on an annual basis.

6. Conclusions

This model illustrates a novel yet simple methodology to quantify the
spatially explicit litter loads in longleaf pine forests in the southeastern
US that are managed using frequent prescribed fires. Our goal and
achievement were twofold. First, we leveraged our understanding of the
litter accumulation process combining traditional ecological-based
modeling with up-to-date machine learning and remote sensing tech-
niques for wall-to-wall mapping of litter fuels over relatively large areas.
Second, we demonstrated that aboveground biomass and YSF are the
two major drivers of tree leaf litter accumulation in these fire-
maintained longleaf pine forests, especially during the first years
following fire. Therefore, spatially explicit information on these two
parameters could be sufficient for a generalized characterization of the
accumulation process in a heterogeneous manner that reflects overstory
canopy controls on surface fuel accumulation. This methodology pro-
vides realistic estimates of litter fuels and, where ALS is available,
partially resolves the challenge of wall-to-wall mapping of the highly
heterogeneous distribution of litter over the forest floor. Therefore, the
model overcomes many of the spatial limitations of traditional ecolog-
ical landscape models and current data-driven modeling approaches.

This integrated modeling approach is a step toward meeting the
greater challenge of characterizing spatial patterns of multiple fuel
components, including duff, woody debris, herbs, and shrubs at high
spatial resolution that better matches the fine scales at which wildland
fuel beds vary. Where other modeling approaches may fail to provide the
resolution and accuracy managers need, models such as presented in this
study can fill the information gap. These maps will improve decision-
making involving application of prescribed fire for accomplishing
ecological and natural resource management goals.
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