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Fire is a dominant disturbance in temperate and boreal biomes, and increasing burned area with climate change
may fundamentally alter forests. Improved information about how fire-induced changes to forests may feedback
to affect subsequent burning at regional scales could inform forest management and climate-mitigation strate-
gies. However, fire is simplistically represented in Earth System Models, and regional statistical fire models often
assume sufficient fuels, contributing to uncertainty in future projections. To address this challenge, we developed
the Dynamic Temperate and Boreal Fire and Forest-Ecosystem Simulator (DYNAFFOREST). DYNAFFOREST
represents the hierarchical structuring of forests, from individual cohorts to continental extents, making it
possible to simulate feedbacks between fire and forests at broad scales over decades to centuries. We parame-
terized DYNAFFOREST for the western United States of America and benchmarked simulations with observa-
tions. DYNAFFOREST recreated patterns of forest cover, structure, and downed fuels, and was capable of

capturing average 20th-century fire activity.

1. Introduction

Forest fire is a prevalent natural disturbance in terrestrial ecosystems
and is sensitive to climate, particularly in temperate- and boreal-forest
biomes (Seidl et al., 2020). Trends toward warmer, more arid condi-
tions are causing fire frequency, size, and severity to rapidly increase in
many places (Abatzoglou and Williams, 2016; Kelly et al., 2013; West-
erling, 2016). For example, annual burned forest area has grown ~1,
100% since 1984 in the western conterminous United States of America
(hereafter; western US) (Williams et al., 2022). Current climate-fire
trends will almost certainly continue over the next few decades (Abat-
zoglou et al., 2021) with large consequences for people and ecosystems
(Coop et al., 2020; McWethy et al., 2019; Schoennagel et al., 2017).
While climate is a dominant cause of increasing fire activity, other fac-
tors also contribute to recent trends, including spatiotemporal vari-
ability in fuel loads sometimes related to legacies of fire suppression, and
human-caused ignitions (Balch et al., 2017; Calef et al., 2008; Hagmann
et al.,, 2021). Many of these drivers are not well accounted for in
disturbance-succession models of forests, particularly at broader scales,
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nor are the complex feedbacks between fire and its drivers. Therefore,
new quantitative tools that incorporate multiple drivers and feedbacks
could yield important insights into the trends, causes, and consequences
of forest fire.

One of the most important feedbacks that models must better capture
is how fires can alter forests in ways that affect the likelihood of sub-
sequent burning. Two pathways exist through which these fire-forest
feedbacks play out. First, fire combusts fuels, which decreases the
probability of another fire for a period. In the western US, reduced fire
probability can last 5-30 years after the initial burn, depending on
climate and extreme weather events (Parks et al., 2018). Second,
increased burning can initiate transitions from forests to alternate
vegetation communities that differ in their flammability (Johnstone
etal., 2016; Tepley et al., 2018). For example, less flammable deciduous
tree species now commonly replace black spruce after unusually severe
fire in the North American boreal forest. Scientists and practitioners
need improved information about where, when, and why fire-induced
changes to forests may feedback to affect subsequent burning, other-
wise known as re-burns (Prichard et al., 2017; Schoennagel et al., 2017).
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This need for improved modeling is particularly true across regional to
continental scales (Becknell et al., 2015; Turetsky et al., 2017; Walker
et al., 2018); the spatial scales at which policy and management are
commonly targeted and impending ecological change could alter
broader Earth-system functions (Heffernan et al., 2014; Rose et al.,
2017).

Most models capable of simulating broad spatial domains (>10°
km?) ignore or simplistically represent fire and/or do not explicitly
represent forests and their dynamics. For example, Earth System Models
(ESMs) were designed to simulate the role of vegetation in regional-to
global-carbon and water cycling, but have a coarse spatial resolution
(>0.5°) and often do not include fire (Hantson et al., 2020; Rabin et al.,
2017). Of the few ESMs with a dynamic fire module, most only simulate
aggregate burned area and do not include the demographic processes
that underpin forest recovery, like tree-seed dispersal and seedling
establishment (Fisher et al., 2018; Hantson et al., 2020; Sanderson and
Fisher, 2020). At regional scales, statistical models of fire are often used
that operate at a finer spatial grain (~6-12 km) and represent the
multi-step process of burning more realistically than ESMs by relating
observed climate to individual fire characteristics, such as occurrence,
size, and severity (Keyser and Westerling, 2019; Westerling et al., 2011).
However, statistical fire models rarely simulate forest change, and as-
sume sufficient fuel and unchanging forest cover when projecting future
fire, use rules to define the duration after a fire in which a cell cannot
burn, employ empirical functions to implicitly represent dynamic pat-
terns of postfire fuel limitation, or implement simple statistical
vegetation-climate relationships to represent potential change in fuels
with climate (Abatzoglou et al., 2021; Kitzberger et al., 2017; Littell
et al., 2018). Numerous forest-landscape models include both fire and
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detailed representations of forest dynamics. Such models capture the
necessary demographic processes and simulate feedbacks to fire
(Albrich et al., 2020; Hansen et al., 2020; Hurteau et al., 2019; Seidl
etal., 2014; Serra-Diaz et al., 2018), but are computationally expensive,
and most cannot be run for broad domains (though see Rammer and
Seidl, 2019).

To address the dearth of quantitative tools capable of modeling
temperate and boreal fire and forests across regions to continents, we
present a new model called the DYNAmic Temperate and Boreal Fire
and FORest-EcosySTem simulator (DYNAFFOREST). We designed
DYNAFFOREST to simulate complex and interacting causes of fire and to
represent the demographic processes that underpin postfire forest re-
covery. Thus, the model is capable of simulating dynamic feedbacks
between fire and forests. DYNAFFOREST is computationally efficient
such that it can be run with a sufficiently fine spatial resolution (1-km) to
capture heterogeneity in vegetation size classes, structure, and stand
ages in topographically complex landscapes. The model is capable of
simulating broad domains of similar scope to the forested area of the
western US; ~850,000 km? and operates at an annual time step. In this
paper, we describe DYNAFFOREST and evaluate model skill by
comparing simulations of western US forests under mid-20th century
climate conditions with multiple independent benchmarking datasets.

2. Materials and methods
2.1. Model overview

Our objective was to represent how forest fires and climate affect
temperate- and boreal-forest ecosystems across regions to continents,

Fig. 1. DYNAFFOREST simulates dynamic in-
teractions and feedbacks between fire and forest
ecosystems in temperature and boreal biomes. (A)
Spatial resolution of processes represented in the fire
and forest-ecosystem modules. (B) Initial conditions
and model forcing variables for the fire and forest-
ecosystem modules. Italicized text differentiates var-
iables that were the climatological mean from those
that varied annually during model benchmarking for
the western US. (C) Schematic of the processes rep-
resented in DYNAFFOREST. Italicized text differenti-
ates model components that are probabilistic and
process-based from those that are deterministic
based on successional stage.
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and how fire-induced changes to forests feedback to alter subsequent
fires. DYNAFFOREST is broken into two modules: a forest-ecosystem
module and a fire module (Fig. 1). We constructed DYNAFFOREST
with a hierarchical structure where the forest-ecosystem module oper-
ates at a 1-km spatial resolution, and the fire module operates at a 12-km
resolution. The time step of both modules is annual.

The forest-ecosystem module probabilistically represents key pro-
cesses through which fire and climate affect forests and uses determin-
istic equations to represent other forest processes based on age/
successional stage (Fig. 1C). Forest types can be parameterized at the
level of specificity necessary for the application, from individual species
to coarse plant functional types (PFTs). We simulate broad spatial do-
mains with a fine grain size using a cohort-based approach that tracks a
single cohort for each 1-km grid cell. The cohort has an age-dependent
size and density based on PFT-specific traits. The approach is compu-
tationally efficient, as only one cohort per grid cell must be tracked. It
also still allows for representation of heterogeneity in forest cover,
composition, and structure at a 1-km resolution, which is finer than
other models capable of simulating forests across comparable domains
(Buotte et al., 2018; Fisher et al., 2018). However, because one PFT
cohort per grid cell is tracked, the model does not explicitly represent
relay successional trajectories, where transitions from the initial fast
growing pioneer tree species (or shrubs) to slow growing late succes-
sional shade-tolerant species may alter stand flammability with time
since disturbance (e.g., Tepley et al., 2018). Probabilistic process-based
components are inspired by and closely follow the forest model iLand
(Seidl et al., 2012a), which has been widely applied in temperate and
boreal forests (Braziunas et al., 2018; Hansen et al., 2018, 2020, 2021;
Seidl et al., 2014). Deterministic components are derived from several
sources (e.g., Dixon, 2015; Rammig et al., 2007). A technical description
of the forest-ecosystem module is provided in sections 2.2-2.5, section
2.9, and Appendix S1.

We paired the forest-ecosystem module with a statistically based fire
module that predicts the occurrence, number, and sizes of fires >100 ha
as a function of variables including the amount and connectivity of fuels
from the forest module, spatial variation in climate aridity, natural and
human-caused ignitions, and topography (Appendix S1). The module is
designed so users can parameterize it based on an a priori understanding
of their own system. Fire occurrence, number, and maximum size are
simulated on a grid with a spatial resolution of 12 km. Fires are then
randomly ignited in a forested 1-km grid cell within the 12-km fire cell
and iteratively spread to other forested 1-km grid cells, until no more
forested cells remain, or the maximum size predicted by the fire module
is reached. Fire effects, such as cohort mortality and combustion of live
biomass and fuel loads, are calculated at the 1-km resolution of the
forest-ecosystem module.

Because our goal in this initial development and presentation of
DYNAFFOREST was to establish whether the approach could accurately
simulate forest dynamics when dynamically coupled with a module that
produced 20th-century fire seasons, the fire module implemented here
does not include fire response to temporal climate variability. Instead, it
represents responses of fire to spatiotemporal changes in forest biomass
and spatial variations in long-term mean aridity and ignition sources. As
such, it is inevitable that this relatively simple baseline fire module will
under-represent the frequency of very large wildfires, which are strongly
promoted by the extreme climate anomalies that have occurred more
frequently in recent years with human-caused warming. A technical
description of the fire module is provided in sections 2.2.6-2.2.8 and
Appendix S1, along with next steps for future development.

Together, the forest-ecosystem and fire modules provide a powerful
framework for addressing previously intractable questions about how
feedbacks emerge to shape temperate- and boreal-forest and fire out-
comes. The flexibility of the fire module means it can be adjusted to fit a
wide range of applications. The forest-ecosystem module takes a unique
approach, explicitly representing some key forest processes with great
detail (e.g., tree regeneration and mortality) and deterministically
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representing others (e.g., tree growth and stand density). Parameters for
the model (Table 1) can be attained from the literature and public da-
tabases for most study areas globally. DYNAFFOREST currently only
represents fire, but other natural and human-caused disturbances, such
as bark beetle outbreaks, restoration treatments, and logging, are also
important in temperate and boreal forests (Berner et al., 2017; Morris
et al., 2016; Ruess et al., 2021). The modular design of DYNAFFOREST
makes it easy to develop or plug-in future modules representing other
disturbance agents and management activities (Honkaniemi et al., 2021;

Table 1
Model parameter descriptions. dim = dimensionless, emp = empirical
coefficient.
Parameter Units Description
Dispersal
Reproductive age Years The age at which PFT is reproductively
mature
Seed mass mg Average mass of seeds used in calculating
fecundity
Germination rate dim Average rate of seed germination under
optimal conditions used in calculating
fecundity
Fecundity Seedlings The number of potential seedlings per
m2 square m of mature forest canopy
Seed kernel a m Parameter of the dispersal kernel
Seed kernel b m Parameter of the dispersal kernel
Seed kernel ¢ dim Parameter of the dispersal kernel
Seedling establishment
Min. temperature °C Minimum winter daily temperature that
seeds can tolerate before germination
Chill requirement days Number of days since end of last growing
season with daily temperature between —5
and 5 °C
Min. growing degree degree Number of growing degree days required
days days for establishment
Max. growing degree degree Number of growing degree days seedlings
days days can tolerate
Growing degree days degree Number of growing degree days required
before budburst days for seedling bud burst
Frost free days days Number of days without frost required for
regeneration
Frost tolerance dim Parameter for estimating frost damage
Min. soil water MPa Lowest soil water potential seedlings can
potential tolerate
Tree growth
Max. height m Maximum height a tree of a PFT can attain
Growth coefficient dim Parameter for the height growth equation
Height to diameter dim Parameter for estimating diameter at 1.35
m
Stand density
Stand density Index Trees ha™! Parameter for estimating stand density
from DBH
Live biomass
Stem biomass a dim Parameter for stem biomass allometric
equation
Stem biomass b dim Parameter for stem biomass allometric
equation
Branch biomass a emp. Parameter for branch biomass allometric
equation
Branch biomass b emp. Parameter for branch biomass allometric
equation
Leaf biomass a emp. Parameter for leaf biomass allometric
equation
Leaf biomass b emp. Parameter for leaf biomass allometric
equation

Tree mortality

Probability of reaching ~ dim Parameter for background mortality

max. age equation
Maximum age years The maximum age a PFT commonly attains
Hydraulic safety MPa Minimum xylem water potential typically
margin experienced and xylem water potential
that cause a 50% loss of conductivity
Bark Thickness dim Parameter for estimating probability of

tree mortality from fire ratio of bark
thickness to total tree diameter
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Rammer and Seidl, 2015).
2.2. Detailed model description

2.2.1. Technical implementation

We aimed to develop a model that is adaptable for a wide range of
applications and useable by researchers with varying expertise in pro-
gramming. Thus, we wrote DYNAFFOREST in the R language and
environment for statistical computing (V. 4.0.4) (Core Team, 2021).
While other programming languages offer superior computational effi-
ciency (e.g., C++), many ecologists and environmental scientists are
experienced with R, and the software is open source, making it an ideal
choice for encouraging widespread use and rapid community-based
evolution of the model. Full source code and documentation is avail-
able under a GNU General Public License (GNU GPL www.gnu.org/li
censes/gpl-3.0.html).

2.2.2. Tree regeneration

Stem density and species composition of tree seedlings that establish
after severe fire shape successional trajectories for decades to centuries
(Kashian et al., 2005). Postfire tree regeneration can be compromised if
fires recur before trees reach reproductive maturity (Brown and John-
stone, 2012; Buma et al., 2013), if the size of severely burned patches
exceeds dispersal distance from the unburned edge or fire refugia (Gill
et al., 2022), if winter snowpack or cold temperatures reduce germi-
nation rates (e.g., at high-elevation treeline; Brown et al., 2019; Kuep-
pers et al., 2017), or if postfire drought kills tree seedlings (Davis et al.,
2019; Hansen and Turner, 2019). Because tree regeneration is essential
for postfire recovery, we took a probabilistic process-based approach.

Tree regeneration is simulated in DYNAFFOREST starting the year
after a forest cohort dies from density independent mortality (factors
related to tree age/size), fire, or drought, and continues annually until
another cohort establishes or the simulation ends (Fig. 1C). Seed supply
is modeled based on PFT-specific fecundity, which is the number of
potential seedlings produced per m? of forest canopy and calculated
using average seed mass, germination rate, and early seedling survival
(Moles et al., 2004) (Appendix S1). Fecundity is assumed to be zero if a
cohort is reproductively immature. If the cohort that died in the target
cell was reproductively mature, we assume sufficient within-cell seed
supply from that PFT to support regeneration in the year after cohort
mortality (probability of dispersal equals 1), which allows us to
implicitly account for surviving trees in the target grid cell and alternate
regeneration strategies, such as asexual resprouting and cone serotiny.
Even the largest and most severe 20th-century fires often generated
mosaics of live and burned trees that ensured sufficient seed for regen-
eration in the year following fire (Harvey et al., 2016; Turner et al.,
1997). Thus, we felt this assumption was warranted given our goal of
simulating 20th-century forests and fire. However, fire severity is
increasing with climate change such that seed limitation is a growing
concern, and future projections with DYNAFFOREST will require
explicitly simulating within-cell seed supply as a function of percent
crown kill (Gill et al., 2022; Parks and Abatzoglou, 2020; Steel et al.,
2018). We also calculate the probability of dispersal from PFTs in the
eight directly adjacent grid cells using a two-part exponential equation
(Seidl et al., 2012a) (Appendix S1).

Effects of temperature and drought on tree-seedling establishment
are then simulated following a mechanistic approach commonly
implemented in process-based forest models (Burton and Cumming,
1995; Hansen et al., 2018; Nitschke and Innes, 2008; Seidl et al., 2012a)
(Fig. 1C). Annual establishment probability is calculated for each PFT
with a non-zero probability of dispersal as a function of temperature
thresholds. Annual seed stratification is assessed based on a PFT-specific
chilling day requirement (# of days between —5 and 5 °C from the end of
the previous growing season; defined as September 30th in our model).
The coldest daily temperature during the year and the annual number of
frost days (number of days below 0 °C) also cannot exceed PFT-specific
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thresholds. If germination requirements are met, climate effects on early
seedling survival are assessed. Minimum and maximum annual growing
degree day thresholds ensure appropriate growing-season length for
seedlings to establish. Frost after bud burst and unusually dry soils
jointly reduce probability of establishment representing frost-induced
damage (Johnson et al., 2011) and drought-induced mortality (Hansen
and Turner, 2019):

PSI.AVE,, — PSlu)

Estab. prob.ab,, = Frost.tol V/rost-afier budg.s "( Eq. 1
(PSIﬁeld - PSImin)

where Estab. prob.ab,, is the probability of establishment due to abiotic
factors in grid cell g and year t, Frost.tol is a PFT-specific frost tolerance
parameter, frost.after.bud,, is the number of frost days that occur after
bud break in grid cell gand year t, PSI.AVE,, is the mean growing season
soil water potential in grid cell g and year t, PSL;, is the minimum soil
water potential in which seedlings of a given PFT can establish, and
PSlq is the soil water potential at field capacity.

Probability of dispersal from the target and neighboring cells and
probability of establishment are multiplied to calculate a total regen-
eration probability for each PFT. The PFT with the highest regeneration
probability gets first priority for regeneration. We compare regeneration
probability to a value between 0 and 1 randomly drawn from a uniform
distribution. If probability of regeneration exceeds the random number,
the PFT with highest priority regenerates. If not, another random
number is drawn and compared to the PFT with the next highest
regeneration probability. This continues until either any PFT with a
nonzero regeneration probability is established or regeneration fails for
all PFTs. If no new cohort establishes in the year following cohort
mortality, grid cells are converted to a grassland/shrub-land/meadow
ecosystem state (hereafter grassland), and the tree regeneration algo-
rithms are called each year until a PFT regenerates or the simulation
completes. The model is also capable of representing inhibition or
facilitation of tree-seedling establishment by grasses and shrubs (Ap-
pendix S1).

2.2.3. Tree growth

Annual tree-height increment of each forest cohort is deterministi-
cally represented based on the prior year’s height using a Bertalanffy
growth equation (Von Bertalanffy, 1957) as adapted by Rammig et al.
(2007) (Fig. 1C, Appendix S1). Height growth rate is PFT specific and
not responsive to climate in our model. We then use a PFT-specific tree
height-to-diameter ratio to derive tree diameter at a height of 1.35 m
(DBH).

2.2.4. Stand structure

Temperate and boreal tree density often declines with stand age due
to self-thinning from intraspecific competition. Stand density in
DYNAFFOREST is estimated from DBH using empirical self-thinning
relationships, also known as Reineke’s R (Reineke, 1933) following an
approach similar to the US Forest Service’s Forest Vegetation Simulator
(FVS) (Dixon, 2015) (Fig. 1C). Based on tree DBH and stand density, live
biomass pools in stems, branches, and leaves are simulated with
PFT-specific allometric equations. The leaf and branch biomass that dies
and falls to the forest floor is also modeled with pool-specific turnover
rates that can be set individually based on PFT-specific rates (Table 1).

2.2.5. Dead biomass

Falling leaves and branches are immediately added to dead forest
floor biomass pools (Fig. 1C). The model tracks three pools of dead plant
material in each grid cell: standing snags, forest-floor litter, and downed
coarse wood. When a cohort dies from density independent mortality or
drought (see section 2.2.9), all leaf and branch biomass is added to the
forest floor litter and coarse wood pools in the following year. Standing
snag biomass is added to the coarse wood pool over time based on a PFT-
specific snag half-life (Seidl et al., 2012b; Stenzel et al., 2019). When a
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cohort is burned, live leaf and branch pools are reduced proportional to
percent crown kill (see section 2.2.9). Of the percent crown killed, we
assume 90% of live leaf biomass and 50% of live branch biomass is
combusted and emitted to the atmosphere (Seidl et al., 2014). The
remainder is added to the litter and downed coarse wood pools. If a
cohort is killed by fire, 100% crown kill is assumed for the purposes of
calculating live-leaf and branch biomass combustion and turnover to
dead forest floor pools. In the future, this could be expanded to also
represent percent crown kill via heating and scorching. Snags fall and
enter the coarse wood pool according to their PFT-specific half-life
parameter. Following a fire, the portions of dead forest-floor fuel pools
that were available for burning are assumed to be combusted, whether
or not the forest cohort occupying the grid cell is killed, simulating
surface fire in the stand (Seidl et al., 2014). Decomposition of each pool
is calculated assuming a pool-specific decomposition rate that is
invariant with climate.

2.2.6. Fire characteristics

The statistical fire module simulates fire characteristics at the reso-
lution of 12-km grid cells. Before simulations can be run, the DYNAF-
FOREST fire module is parameterized in a flexible framework where
regressions are constructed to separately predict fire occurrence, num-
ber, and size as a function of variables that can vary depending on a
priori understanding of the study domain. We use model selection with
AIC to determine the most skilled and parsimonious models. Appendix
S1 provides an in-depth description of how the fire module was
parameterized for forests of the western US.

First, DYNAFFOREST probabilistically predicts whether one or more
fires has occurred, where the likelihood of fire increases as a function of
variables like the amount and connectivity of fuels, aridity, and natural
and human-caused ignition density (Fig. 1C):

1

1 + e(~(bo + bi*Predictory + by*Predictory ... by*Predictor,))

FireProb,, = Eq. 2
where FireProb is the probability of at least one fire occurring in grid cell
g and year t, and Predictor; through Predictor, are indices of fire prob-
ability selected in a stepwise multi-variable logistic regression (Appen-
dix S1). If one or more fires are predicted in a grid cell, the module
calculates the probability of different numbers of fires occurring based
on:

1

Probfiresn.q, = (= (a+b*FireProby, ) )

Eq. 3
1+e

where Probfires, 4 is the probability of n fires occurring in grid cell g and
year t (n ranges from 1 to the maximum number of fires recorded in the
simulation domain during the observational record), and a and b are
empirical coefficients determined from logistic regression using
FireProbg, as a single predictor (Westerling et al., 2011). The number of
fires is then probabilistically selected.

Maximum predicted size of each fire is determined based on an
empirical stepwise multivariable regression that relates observed fire
sizes to most of the same predictors used to estimate FireProb (Appendix
S1). Rather than predicting maximum fire size directly, we predict cu-
mulative distribution function (CDF) quantile values. We then randomly
select a fire-size CDF value from the 200 observations in the empirical
distribution that were closest to the predicted fire-size quantile and back
transform to the maximum fire size by assuming that each region’s fire
sizes come from a generalized Pareto distribution. Thus, if multiple fires
are predicted to occur in a grid cell, they can have different predicted
maximum sizes despite identical predictor conditions. Maximum fire
sizes can range from 100 ha up to the largest fire in the observational
record, which can exceed a 12 km grid cell.

2.2.7. Fire geography
For each simulated fire, DYNAFFOREST randomly selects a forested
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1-km grid cell from within the 12-km fire grid cell as the ignition point
(Fig. 1C). Fire shapes are grown up to the predicted fire size using an
algorithm where fires spread iteratively from the ignition point, burning
all neighboring 1-km cells that are classified as forest ecosystem (i.e.,
grid cells that are forested or that are grassland but were initialized as
forest) or that are nonforested lands immediately adjacent to grid cells
classified as forest ecosystem. This allows us to account for forest fires
that commonly spread through grasslands to another forest patch, and
for spotting, where embers are carried in the air and set new fires. If
sufficient fuels exist, fires can reach their maximum size predicted by
climate, which can exceed the 12-km fire grid. However, complex shapes
emerge because non-burnable grid cells may constrain fire spread,
which can cause fires to not reach their maximum predicted size if there
are insufficient connected grid cells to burn.

2.2.8. Fire effects

Tremendous variability exists in the severity of forest fires across
temperate- and boreal-forest biomes, ranging from surface fires where
mature trees survive, to severe stand-replacing crown fires that kill all
trees. DYNAFFOREST simulates fire severity for each burned 1-km grid
cell as percent crown kill (percent of the tree crown consumed by fire)
following an approach commonly implemented in process-based forest
models (Hansen et al., 2020; Schumacher et al., 2006; Seidl et al., 2014)
(Fig. 1Q).

CK,,= min(KCK1 + KCK2* DBH,, * Fuel,, ,1) Eq.4

where CKy, is the percent crown kill in burned grid cell g and year t.
KCK1 and KCK2 are empirically derived parameters from the literature
that describe how tree sizes and available fuels determine how much of
the crown is killed by fire, and Fuelg, is the forest floor biomass available
to burn in grid cell g and year t, which is determined as a function of fuel
moisture. DBHy, is the DBH of the cohort in grid cell g and year t, which
is assumed to be 40 cm if the DBH of the cohort is larger than 40 cm.

2.2.9. Cohort mortality

Mortality of trees, whether due to fire, density independent mortal-
ity, drought, or myriad other factors, is a key window of opportunity for
ecological reorganization in temperate and boreal forests. Mortality
events can break legacy locks associated with the dominance of long-
lived trees, sometimes fostering shifts to alternate vegetation types
that better match current abiotic conditions (Johnstone et al., 2016).
Thus, we implemented a probabilistic and process-based approach to
cohort mortality in DYNAFFOREST where trees can die from three
causes: (1) fire, (2) density independent mortality, and (3) drought stress
(implicitly representing death directly from hydraulic failure or
increased vulnerability to biotic disturbance).

Cohort mortality from fire is determined as:

1

Pmort,, = " o ok 2
: 1 + e~ 1466+1.91%b1—0.1775%b2~5.41%cky, >

Eq .5

where Pmorty, is the probability of cohort mortality from fire in burned
grid cell g and year t, bt is bark thickness, calculated from DBH and a
PFT-specific bark thickness coefficient, and CKg, is percent crown kill
(Eq. (4)). This is a commonly used equation in process-based models
(Hansen et al., 2020; Schumacher et al., 2006; Seidl et al., 2014).

DYNAFFOREST is capable of representing a range of fire severities,
from low-severity surface fire, to stand-replacing crown fire, in each 1-
km grid cell. However, it cannot simulate mixed severity fire within a
grid cell. The model also currently assumes that all fires combust
vegetation (section 2.2.5) and does not represent smoldering fires.

Density independent mortality is probabilistically represented
following Seidl et al. (2012a) where the chances of a cohort dying in-
creases with their age/size (Fig. 1C).
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1

DIM,,= 1 — Pl () Eq. 6
where DIM,, is the probability of density independent mortality in cell g
and year t, P, is the PFT-specific probability that a tree survives to its
maximum age; Agemayx, the maximum age a PFT commonly reaches in the
field. Probability of cohort mortality also increases with soil drying,
represented in the model as growing-season soil water potential in the
rooting zone (0-100 cm soil depth), relative to average soil moisture
conditions, and PFT-specific hydraulic safety margins (i.e., difference
between minimum xylem water potential typically experienced in the
field and the xylem water potential at which trees experience a 50% loss
in conductivity) (Meinzer et al., 2009).

1

1+ e (a*(Pstavey, — (psi - %¥)))

SWM,, = Eq.7

where SWMj, is this year’s probability of stress due to low soil moisture
in cell g and year t, PSI.AVE,, is the mean growing season soil water
potential in grid cell g and year t, HSM is the PFT-specific hydraulic
safety margin. a and b are empirical parameters.

PSI5o¢ is median average growing season soil water potential be-
tween 2000 and 2019 in grid cell g, the period in which hydraulic safety
margins were calculated in the dataset used to parameterize the model.

2.3. Model evaluation

2.3.1. Study regions

We evaluated DYNAFFOREST by simulating forests and fires in the
western US forced with mid-20th century climate. We chose the western
US because forest fire has long been a prevalent disturbance, and climate
change is causing fire activity to rapidly increase, threatening people
and ecosystems (Westerling, 2016). The western US is also data rich. For
example, the USDA Forest Inventory and Analysis (FIA) network
(Bechtold and Patterson, 2005) (Appendix S1) includes approximately
160,000 permanent plots across the United States designed to provide
insights into forest condition. This allowed us to develop a robust
parameterization for PFTs in the western US. The wealth of data also
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ensured that we started simulations from relatively high-quality initial
conditions (described in section 2.3.2), and that we could benchmark
model runs against several independent datasets (described in section
2.3.3). Parameters for the western US are provided in Appendix 2
(Tables S1 and S2).

We selected five study regions that collectively include 56% of all
forested area in the western US: the coastal and Inland Pacific Northwest
of Oregon and Washington (~148,000 km? of forest) (hereafter, PNW),
northern Idaho (~97,000 km? of forest) (Idaho), the Greater Yellow-
stone Ecosystem in southern Montana and northern Wyoming (~47,500
km? of forest) (GYE), the southern Rockies, including parts of Utah,
Colorado, New Mexico, and Arizona (~135,000 km? of forest) (Southern
Rockies), and the Sierra Nevada Mountains (~77,000 km? of forest)
(Sierras) (Fig. 2). Study regions were selected because they represent the
range of forest types and fire regimes that characterize the western US,
from dry pinyon- and ponderosa-pine woodlands, where frequent low-
severity fires burned every 5-15 years prior to Euro-American settle-
ment, to wet Douglas-fir forests of the Pacific Northwest, where fire
return intervals could exceed 700 years, with infrequent yet extensive
high severity, stand replacing fire events. We grouped tree species in the
western US into 12 PFTs following Buotte et al. (2018) and Ruefenacht
et al. (2008) (Fig. 2, Appendix S1; Table S1) and also included a grass-
land PFT.

2.3.2. Simulation design

We initialized the model with the gridded PFT map from Buotte et al.
(2018), a stand-age map derived from remote sensing, historical fire
records, and forest inventory plots (Pan et al., 2011), and information on
fuel loads based on forest type (Prichard et al., 2019). Initial cohort
heights were derived from the stand-age map using internal model
equations (Appendix S1) (Fig. 1B). Initial DBHs, live biomass, and stand
densities were calculated from initial cohort heights.

The forest ecosystem module was forced with 1965-1994 daily
temperature from the TopoWx dataset (Oyler et al., 2015) and average
growing season volumetric soil moisture in the rooting zone (0- to
100-cm depth), which was calculated following methods from Williams
et al. (2017). Temperature data was used to calculate tree-seedling
germination and establishment thresholds (section 2.2.2). Volumetric

Fig. 2. (A) Pacific Northwest (PNW), (B) Idaho, (C) Greater Yellowstone Ecosystem (GYE), (D) Southern Rockies, and (E) Sierras study regions in the western United

States that were simulated by DYNAFFOREST in the benchmarking experiment.
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soil moisture was used in fire severity equations (section 2.2.8) and was
also converted to soil water potential based on % sand, silt, and clay
from SoilGrids250m 2.0 (Hengl et al., 2017) for calculations of tree
regeneration (Section 2.2.2) and cohort mortality (section 2.2.9). Inputs
to the fire module included the 1984-2019 climatological mean annual
aridity (the ratio of total annual precipitation to total annual potential
evapotranspiration) (Williams et al., 2020), topography (slope angle and
topographic complexity) (Hastings and Dubar, 1999), and factors that
influence fire ignition density (the 1987-2019 mean lightning strike
density and 1990 human population density) (Cummins et al., 1998;
Radeloff et al., 2018) (Table S3).

Initial fuel loads were representative of the forest types found in our
study regions but did not reflect spatial heterogeneity due to the past
legacies of harvest, fire, or drought (Prichard et al., 2019). Thus, we ran
a 200-year spin up simulating the coupled response of vegetation to fire
and climate in the five study regions to generate spatially heterogeneous
fuels conditions consistent with internal model logic following Hansen
et al. (2020). After the spin up, we ran a 100-year experiment to
benchmark model performance. Because several processes are proba-
bilistic in the model, including fire, mortality and recruitment, we ran
five replicates of each region to account for model-based variability. No
forest harvest was simulated.

2.3.3. Analyses — expected patterns

We benchmarked simulated forest characteristics from model year
300 and simulated fire activity from simulation years 201-300. Classical
tests of statistical significance are problematic with simulated data
because large sample sizes can artificially inflate significance. Thus, we
used a pattern-oriented modeling approach (Grimm et al., 2005). Pat-
terns of several simulated variables at stand (1-km grid-cell) to
western-US scales were compared to observed datasets to evaluate
model skill. We compared modeled and observed distributions of tree
sizes and cohort densities for each PFT and region, and biomass pools
and fire-regime characteristics for each region and across the western US
(pooling all five study regions). Data limitations constrained our ability
to benchmark the model with completely independent observational
datasets, but we prioritized independence whenever possible (Table 2).

We represented model distributions of variables by calculating their
median, inter-quartile range (IQR), skewness, and minimum and
maximum for each PFT (when appropriate), study region, and pooling
across all study regions for each of the five replicates. We then calculated
the average median, IQR, skewness, and minimum, and maximum
values across the replicates to compare with observed distributions.
Observed distributions of tree sizes, stand densities, and biomass pools
came from FIA plots that were classified as forested lands and sampled

Table 2

Summary of model variables compared to observations, the benchmark datasets
used, and information on whether benchmark data was independent from data
used to parameterize the model.

Variable Benchmark Independent from Benchmarking
parameterization? Source
Tree height and USDA FIA Yes, 1/3 of FIA plots Bechtold and
DBH network reserved for Patterson, 2005
benchmarking
Stand density USDA FIA Yes, 1/3 of FIA plots Bechtold and
network reserved for Patterson, 2005
benchmarking
Live tree and dead ~ USDA FIA Yes Bechtold and
forest floor network Patterson, 2005
biomass
Number of fires, MTBS No https://www.
fire size, shape mtbs.gov
complexity, area
burned
Percent stand Reprocessed Yes Parks and
replacing MTBS fires Abatzoglou,
2020

Environmental Modelling and Software 156 (2022) 105473

since 2000, when the USFS adopted a standard fixed-radius plot design
(Bechtold and Patterson, 2005). FIA plots were not filtered based on
disturbance history. For tree sizes and stand densities, model evaluation
was conducted with the one-third of FIA plots that were not used in
model parameterization (Appendix S1). We identified all FIA plots
dominated by the PFTs represented in DYNAFFOREST and calculated
the median tree height and DBH for each plot (see Appendix S1 for
further details). We then compared simulated distributions of heights
and DBHs with the FIA plots dominated by the same PFT. To ensure
accurate comparison, we limited our analysis to simulated cohorts with
a DBH >2.54 cm (the cutoff for tree measurement in FIA protocols).
Observed distributions of biomass pools came from the most recent
sampling of the FIA plots that were classified as forested lands, estimated
using the rFIA package (Stanke et al., 2020). Because live and downed
biomass routines in the forest-ecosystem module were parameterized
independently from FIA (Appendix S1), we used all available FIA plots in
benchmarking biomass.

Simulated annual median fire size, annual number of fires, fire
perimeter shape complexity (perimeter length to patch area ratio), and
annual total area burned were compared to observed fire records from
the period 1985-1994 from the same database used in model parame-
terization (see Appendix S1). Fires came from the Western US MTBS-
Interagency (WUMI) wildfire database (Juang et al., 2022), which in-
cludes large fires (>404 ha) from the US Forest Service’s Monitoring
Trends in Burn Severity database as well as a quality-controlled list of
mostly smaller fires >100 ha maintained by the National Wildfire
Coordinating group (e.g., Keeley and Syphard, 2017; Westerling et al.,
2011). Because we wanted to test the fire module’s ability to generate
fire characteristics consistent with the mid-20th century fire regime, we
chose 1985-1994 to exclude more recent observations during years
where climate change has profoundly altered fire activity in the western
US (Abatzoglou and Williams, 2016; Westerling, 2016). This temporal
window is best suited for our current purposes because of 1) the broad
spatial extent of our modeling that captures tremendous variability in
fuels, aridity/climate, ignition patterns, and fire regime characteristics;
and 2) because our goal in this paper was to develop a model that could
generate fire consistent with mid-20th century fire seasons. Subsequent
development of the fire module for forecasting interannual effects of
climate on fire will require more advanced statistical models and
benchmarking methods.

The simulated percent of area that burned at high severity each year
was independently benchmarked against a remotely-sensed burn
severity product (Parks and Abatzoglou, 2020). The database provides
composite burn index (CBI) for all fires >404 ha in the observational
record at a 30-m spatial resolution. To ensure the remotely-sensed
product was comparable to model outputs, we first included only por-
tions of 1985-1994 fires that fell within our initial simulated forested
areas. We then masked out portions of those fires where the prefire NDVI
was below 0.35 to exclude non-forested vegetation potentially mis-
classified as forest (Parks and Abatzoglou, 2020). We aggregated the
30-m CBI estimates within each observed fire to a 1-km? resolution. We
used a CBI value of 2.25, equivalent to >95% tree mortality (Miller
et al., 2009), as the cutoff to define stand replacing fire in each grid cell.
We then calculated the percent of annual burned area that was stand
replacing for each region.

We report results comparing the distributions of simulated and
observed variables in three ways. To evaluate how well DYNAFFOREST
captures the central tendency of each variable’s observed distribution,
we compared the median value and IQR from observations to the
averaged median value and IQR from the simulation replicates at the
PFT and/or regional, and western-US scales. To compare modeled and
observed distributional shapes, we compared the skewness of variable
distributions. To determine how well DYNAFFOREST represents the
observed variability in each variable, we quantified what percent of
observations fell between the averaged minimum and maximum values
from the simulation replicates. While we assessed model skill based on
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the ability of DYNAFFOREST to accurately recreate observed distribu-
tions, we recognize many other factors not included in our model affect
real-world forests, such as bark beetle outbreaks, forest restoration, and
timber harvest (Berner et al., 2017). Thus, we anticipated that these
unaccounted for drivers of forest dynamics would generate some
divergence between simulated and observed central tendencies, distri-
butional shapes, and ranges of variability.

Benchmarking analyses were conducted in R statistical software V.
4.0.4 (Core Team, 2021) using the packages rFIA (Stanke et al., 2020),
tidyverse (Wickham et al, 2019), ncdf4 (Pierce, 2017), land-
scapemetrics (Hesselbarth et al., 2019), sf (Pebesma, 2018), dbplyr
(Wickham and Ruiz, 2020), moments (Lukasz and Novomestky, 2015),
and raster (Hijmans, 2021). Simulations and processing of model out-
puts were run on the Amarel cluster at Rutgers University.

3. Results
3.1. Tree size, stand density, and forest cover

Among PFTs, modeled median tree heights and DBHs differed from
observations of the same PFT by 16% and 20%, on average. Averaged
across PFTs, the skew of modeled and observed tree heights was —1.3
and 1.2, and the skew of modeled and observed DBHs was —1.3 and 2.0
(Table 3). Model skill in representing tree heights and DBHs varied
across PFTs (Fig. 3). For example, simulated aspen trees were shorter, on
average, and had smaller diameters than observed aspen, while modeled
inland Douglas-fir tended to be larger than observations. DYNAFFOR-
EST captured much of the variability in observed tree heights and DBHs,
however. On average, 68% of observations fell within the ranges of
simulated tree heights and DBHs of the same PFT. Some variability also
existed between regions in how well the model captured observed me-
dian tree sizes (Figs. S1 and S2). For example, modeled median heights
of mixed firs closely matched the observed medians in Idaho, PNW, and
Sierras, but aspen trees in DYNAFFOREST were considerably taller than
observations in the Southern Rockies (Fig. S1).

Modeled median stand density was within 39% of the observed
median stand density of the same PFT, on average. The skew of modeled
and observed stand densities was 4.3 and 4.8 (Table 3). The median
simulated stands of Engelmann spruce/fir, hemlock/cedar, five needle
pine, and lodgepole pine were moderately denser than observations,
while the median simulated stands of mixed conifer, coastal Douglas-fir,
and inland Douglas-fir were less dense (Fig. 4). An average of 62% of
observations fell within the range of simulated stand densities of the
same PFT. Model skill also varied among regions (Fig. S3). Median
inland Douglas-fir densities in the model, for example, were lower than

Table 3

Environmental Modelling and Software 156 (2022) 105473

observed medians in the GYE, Idaho, PNW and Southern Rockies, but
were higher than observed in the Sierras (Fig. S3).

Eight percent of initial forest area converted to grassland by simu-
lation year 300, on average across the five study regions. The grassland
PFT was most common in the Sierras, where it replaced 15% of initial
forest area, followed by the PNW (9%), Southern Rockies (8%), GYE
(5%), and was least common in Idaho, where it replaced 4% of forest
area after 300 years of simulation. Expansion of grassland was unsur-
prising, as the PFT distributions used to initialize simulations did not
include grassland, and it is often interspersed within western forest
ecosystems.

3.2. Biomass pools

Pooling all study regions together, there was strong model-
observation correspondence in live biomass; the average median leaf
and aboveground live wood biomass from the five simulation replicates
were within 29% and 12% of the observed medians, respectively
(Table 3, Fig. 5A). The skew of modeled and observed leaf biomass was
1.4 and 2.2, and the skew of modeled and observed aboveground live
wood biomass was 1.1 and 2.3 (Table 3). The model also represented
observed variability in live biomass well. Across all study regions, 90%
and 92% of observations fell within the range of simulations for leaf and
aboveground woody biomass. Median live aboveground tree biomass
was highest in the Idaho study region, followed closely by the PNW,
GYE, Sierras, and Southern Rockies (Table S4. Fig. 6). When model
outputs were compared with observations within regions, median leaf
biomass was underestimated by DYNAFFOREST in the PNW and was
overestimated in the other study regions (Table S4). Modeled median
live aboveground woody biomass was lower than observations in the
PNW and Sierras and was higher in the Southern Rockies, Idaho, and
GYE.

Average median litter and coarse wood biomass were within 5% and
7%, of the median observed values, respectively (Fig. 5B). The skew of
modeled and observed litter biomass was 1.7 and 5.3, and the skew of
modeled and observed aboveground coarse wood biomass was 2.5 and
3.4 (Table 3). Across all study regions, 98% and 100% of observations
fell within the range of simulations for downed litter and coarse wood
pools, suggesting the model could reasonably represent the range of
variability in downed biomass. However, variability did exist in model-
observation correspondence when broken out by study region (Table S1,
Fig. S4). DYNAFFOREST underestimated median litter biomass in the
Sierras and PNW and overestimated median litter biomass in the other
regions. Modeled median coarse wood biomass was also lower than in
the observational dataset in the PNW, Idaho, and GYE, and larger than

Median modeled and observed biomass and fire characteristics across the western US. Modeled biomass and fire characteristics values are averaged from five

simulation replicates.

Model Observations

Median 25th %ile 75th %ile Skew Median 25th %ile 75th %ile Skew
Tree size and density
DBH (cm) 29.1 19.0 35.4 -1.3 23.8 18.4 35.1 2.0
Height (m) 15.7 10.5 19.0 -1.3 14.8 10.8 20.3 1.2
Density (stems ha™1) 407 364 736 4.3 441 244 717 4.8
Live biomass
Leaf (kg ha’l) 5,599 4,008 6,593 1.4 4,163 1,297 9,263 2.2
Woody aboveground (kg ha™1) 75,272 30,655 116,438 1.1 67,021 20,475 155,960 2.3
Downed biomass
Litter (kg ha™") 5,869 4,257 6,914 1.7 6,153 2,844 11,515 5.3
Coarse wood (kg ha’l) 13,347 9,771 22,648 2.5 12,471 3,656 28,809 3.4
Fire characteristics
Number of fires 59.3 54.75 65.1 0.2 62 49.5 96 1.0
Perimeter:area (m ha’l) 24 24 26 1.9 30 29 30 1.3
Fire size (ha) 500 400 500 -0.8 200 200 300 -0.5
Area burned (ha) 36,160 29,800 44,945 1.0 62,500 28,450 128,250 1.9
percent area burned as stand replacing (%) 17.4 10.9 21.6 2.1 12.8 5.5 27.8 0.9
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observed in the Sierras and Southern Rockies.

3.3. Fire-regime characteristics

Pooling all study regions together, the annual median number of
fires, fire size, perimeter to area ratio, annual area burned, and percent
of annual burned area that was stand replacing from simulations
differed from observed medians by 4%, 86%, 22%, 53%, and 31%,
respectively (Table 3, Fig. 7). DYNAFFOREST overestimated the annual
median fire size but also did not simulate rare extremely large observed
fire years, such as the 1988 Yellowstone fires (Fig. S5), which caused the
model to underestimate median annual area burned (Fig. 7B), and may
have contributed to the model’s over-representation of live biomass in
the GYE (Fig. 6). Approximately half of observations fell within the
range of simulations for the annual number of fires and area burned.
While only 36% of observations fell within the range of simulations for
annual median fire size, 82% and 98% of observations fell within the
range of simulations for the perimeter to area ratio and the percent of
annual burned area that was stand replacing, respectively. Substantial
variability in model-observation correspondence existed when evalu-
ating the fire module within study regions (Table S4, Fig. S5). For
example, annual area burned was most strongly underestimated by the
model in the GYE, where the iconic 1988 Yellowstone fires took place,
reinforcing the importance of rare extremely large fire years for shaping
model-observation disparities in fire characteristics.

4. Discussion

Fires and forests dynamically influence one another through
disturbance-succession cycles (Parks et al., 2015; Prichard et al., 2017).
Where, when, and why fire-induced changes to temperate and boreal
forests may feedback to affect subsequent burning remains poorly
resolved, particularly at regional to continental scales (Abatzoglou et al.,
2021; Hurteau et al., 2019). Here, we present a new approach to address
this challenge. DYNAFFOREST combines a hybrid probabilistic and
deterministic process-based forest-ecosystem module with a flexible
statistical fire module. Benchmarking results demonstrate that the
forest-ecosystem module reasonably recreates patterns of diverse forest
characteristics across broad spatial domains (~850,000 km? of forest in
the western US). The fire module as currently conceptualized captures
average 20th-century fire characteristics in five study regions with

DBH (cm)

highly variable fire regimes. However, the fire module misses the
extremely large fire events that were relatively rare over the last century
because we did not include effects of temporal climate variability on fire
occurrence and size in this first version. Our baseline model provides
proof of concept and will continue to be refined and expanded to meet
the need for bottom-up forest and fire projections that can inform forest
management and adaptation strategies (Filotas et al., 2014; Messier
etal., 2015). For example, DYNAFFOREST could be used in the future to
evaluate where, when, and at what spatial scales different combinations
of thinning and prescribed fire could decouple 21st-century climate-fire
relationships.

A key objective of the forest-ecosystem module was to explicitly
include the demographic processes through which climate and fire affect
forests and initiate feedbacks that can influence subsequent fire. We
accomplished this in a computationally efficient manner by taking a
probabilistic approach for representing a few key processes, such as seed
dispersal, seedling establishment, and tree mortality, while determin-
istically representing others based on successional stage. The model
generated patterns of forest cover and structure consistent with obser-
vations across five diverse study regions. Importantly, the model also
captured examples of type conversions. The PFT maps used to initialize
simulations did not include grassland, even though it is commonly
interspersed among some forests of the western US. However, simulated
forests that experienced low soil moisture and/or unusually frequent
and large high severity fires converted to nonforest in all study regions,
generating realistic forest-grassland mosaics at low elevations in the
Sierras and Southern Rockies study regions and in southern and eastern
Oregon (part of the PNW study region). Such patterns are consistent
with recent analyses of drought-induced forest conversion (Davis et al.,
2019), and highlight how DYNAFFOREST could be a powerful tool for
quantifying 21st-century forest resilience and transformation by iden-
tifying the climate-fire tipping points that initiate wide spread conver-
sion to grassland (Coop et al., 2020; Hansen et al., 2020; Hansen and
Turner, 2019).

We set out to generate a parameter set for the forest-ecosystem
module that was robust across all of the western US, and DYNAFFOR-
EST was particularly skilled at capturing patterns of forest structure
when outputs from the five study regions were pooled to the western-US
scale. However, variation in model-observation correspondence within
study regions highlights inevitable tradeoffs between maximizing model
realism and distilling immense ecological complexity into a tractable
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Fig. 4. Observed and modeled stand density for 12 PFTs across five large re-
gions of the western United States. Observations were derived from US Forest
Service Forest Inventory and Analysis plots independent from those used in
parameterization. Simulated stand densities came from simulation year 300 of
replicate run 1 and excluded trees with DBH <2.54 cm to match observations.
Observed sample size = 18,306. Modeled sampled size = 419,189.
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system representation. For example, tree size and stand density were
deterministic in DYNAFFOREST, based solely on the previous year’s
state. This means that myriad abiotic and biotic factors such as climate,
nutrient availability, and interspecific competition were not explicitly
considered. Thus, we expected DYNAFFOREST to overestimate tree
growth and stand density on the trailing and leading edges of PFT ranges
where environmental conditions are harsh (arid/cold). Indeed, the
model did not capture the lowest density stands observed for most PFTs
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Fig. 6. Distributions of observed and simulated (A) leaf and (B) woody
aboveground live biomass in five large study regions of the western United
States. Observations were derived from US Forest Service Forest Inventory and
Analysis plots classified as forested lands. Simulated total aboveground live tree
biomass came from year 300 simulation replicate 1. The multi-modal distri-
butions of simulated biomass are due to the discrete representation of forest
communities as a few PFTs. Low biomass peaks in simulations are recently
burned stands that experienced stand replacing fire. Low biomass peaks in
observations occur because observations were not filtered by distur-
bance history.

T

(B)
FIA

Modeled 100,000+
100,000 4

1,000+
1,000

Live aboveground biomass (kg ha™")
Downed biomass (kg ha™")

Fig. 5. Distributions of observed and simulated (A)
leaf, and aboveground woody live biomass, and (B)
downed coarse wood and litter biomass across five
regions of the western United States. Observations
were derived from US Forest Service Forest Inventory
and Analysis plots independent from those used in
parameterization. Simulated total aboveground live
tree biomass came from year 300 of replicate run 1.
Observed sample size = 23,364. Modeled sampled
size = 503,765 for live biomass variables. Observed
sample size = 20,288. Modeled sampled size =
503,765 for downed biomass variables.
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Fig. 7. Distributions of observed and simulated (A) annual number of fires, (B) annual median fire size and total annual area burned, (C) annual median perimeter
length to patch area ratio, and (D) percent of annual burned area that was stand replacing across five regions of the western United States. Observations were for fires
between 1985 and 1994. Simulated fires were from years 201-300 of replicate run 1.

(Fig. 4). This may explain some of the variability in model-observation
correspondence between study regions as well as any mismatch be-
tween simulated and observed distribution shapes (as quantified by
skewness) of PFT tree size and stand density, even when there was
agreement for medians and IQRs of distributions. Trait values also vary
tremendously across PFT ranges (Anderegg et al., 2018; Messier et al.,
2010, 2017), and regional variability in model performance highlights
how PFT parameterizations must be tailored to the scale at which
questions are being asked.

DYNAFFOREST includes a flexible statistical fire module that can be
adapted to meet the needs of many different applications. Here, we
implemented a relatively simple representation where fire occurrence
and size were only sensitive to forest biomass and spatial variability in
mean aridity, lightning frequency, topography, and human population,
but did not respond to inter-annual variability in climate or within-
season extreme fire weather. This explains why the model was
modestly skilled at capturing the average characteristics of 20th-century
forest fires but did not simulate as much inter-annual variability in fire
activity as observed. In reality, inter-annual variability of atmospheric
aridity is a dominant driver of burned area in temperate and boreal
forests (Abatzoglou and Williams, 2016; Higuera and Abatzoglou, 2020;
Seidl et al.,, 2020). An essential next step in the development of
DYNAFFOREST is to represent how temporal changes in climate affect
fire occurrence and size.

Even now, however, DYNAFFOREST includes far more realism in its
representation of fire than many other models operating at this scale. For
example, of nine ESMs evaluated in the Fire Inter-Model Comparison
Project, nearly half prescribed vegetation rather than dynamically
coupling fire and forests; only one-third explicitly simulated individual
fires instead of aggregate burned area; and all operated at coarse spatial
resolutions (>0.5° grid cells), meaning they were incapable of repre-
senting fine-scale spatial heterogeneity within individual fire perimeters
(Hantson et al., 2020; Rabin et al., 2017). In contrast, DYNAFFOREST
explicitly couples fire and vegetation dynamics, simulates individual fire
occurrence and size as a function of human and natural drivers, and
dynamically grows individual fires at a 1-km spatial resolution based on
fuel availability. The model also simulates heterogeneity of fire severity
within burned perimeters. Thus, DYNAFFOREST is uniquely capable of
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capturing the complex finer-scale patterns generated by fires across
broad spatial domains as compared with many other models.

5. Conclusions

We present a new model for simulating the dynamic interactions and
feedbacks between fire and temperate and boreal forests. Our approach
fills a unique need by 1) explicitly representing the key forest de-
mographics through which fire affects forests 2) capturing the spatially
heterogeneous effects of individual fires, and 3) simulating regional to
continental domains for decades to centuries. Such tools are desperately
needed by scientists and decision makers to determine where, when, and
why fire-induced changes to forests may feedback to affect subsequent
burning (McWethy et al., 2019) and affect regional forest conditions.
Better constrained projections of changing fire and forests could inform
policy and management strategies designed to help people more sus-
tainably coexist with fire now and in the future (Cochrane and Bowman,
2021), to focus on important questions of forest carbon, biodiversity
conservation, forest economics, and fire hazard.

Software and data availability

Software name: DYNAFFOREST (DYNAmic Temperate and Boreal
Fire and FORest-EcosySTem Simulator).

Developer: Winslow D. Hansen.

First year available: 2022.

Hardware requirements: PC/Mac.

Software requirements: R statistical environment and language.

Program language: R.

Program size: 121.5 kb.

Availability: http://forestfutureslab.org/dynafforest

License: GPL-3.0.

Archive with data from benchmarking: Data archive can be found at:
10.25390/caryinstitute.20452386.

Size of archive: 157 MB
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