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INTRODUCTION

The purpose and need for this Historical Range of Variability (HRV) and current landscape departure
assessment for the Upper Yuba River watershed was described in detail in McGarigal et al (2018) and will
not be repeated here in detail, except to say that the assessment we report on here was based on a higher
spatial resolution. Specifically, the previous assessment was based on 30 m resolution input data and the
landscape disturbance-succession model (LDSM) was parameterized accordingly. The current assessment was
based on 5 m resolution data (essentially the scale of a single mature tree canopy), which led to an entirely
different conceptualization and parameterization of a new LDSM (LDSim). In addition, the assessment of
current departure (i.e., the deviation of the current landscape structure from its simulated HRV) in this
report was based on more accurate and higher spatial resolution Lidar data and the Ecobjects database,
which led to a much improved assessment of current landscape departure.

In addition to the general purpose and need for this project, see McGarigal et al (2018) for a detailed
description and justification for the chosen historical reference period, the use of the HRV concept, the use
of an LDSM approach for quantifying HRV, and the scope and limitations of this approach.

Lastly, the primary purpose of this document is to present the revised HRV and current departure assessment
based on the higher spatial resolution, which is to serve as the basis for the development of a landscape
restoration plan to guide project-level planning within the focal landscape to be presented in a separate
document in the next phase of this project.

PROJECT AREA

See McGarigal et al (2018) for a detailed description of the Upper Yuba River watershed project area,
including its physical geography, land use and vegetation. Briefly, the project area is located in the northern
part of the Tahoe National Forest in the Yuba River and Sierraville Ranger Districts, and comprises 144,935
hectares (358,142 acres)(Figure 1). It is largely defined by a set of three watersheds (at the Hydrologic
Unit Code level 5): the Upper North Yuba River, the Middle Yuba River, and the Lower North Yuba River,
all of which are collectively referred to in this document as the Upper Yuba River watershed. However, the
project area is limited to the portion of this watershed covered by the 2014 TNF Ecobjects database. Note,
the EcObject product represents the first forest-wide existing vegetation dataset in Region 5 to incorporate
Light Detection and Ranging (LiDAR) into several facets of the mapping process. It is created from a
multi-resolution segmentation of LiDAR-derived tree approximate objects and a 1-m canopy height model,
which were then aggregated by stand and tree-level ecologic relationships. The resulting segments were then
populated with a collection of traditional and contemporary metrics at scales that benefit both project-level
planning and large-landscape analysis.

The physical geography and vegetation patterns in the project area are highly varied and generally repre-
sentative of the westside north Sierra ecoregion. In addition, the natural disturbance and human land use
history are fairly representative of the ecoregion as well. In particular, since the arrival of Euro-Americans
in the 1850s, human land uses such as livestock grazing, hydraulic minning, logging and wildfire suppression
have dramatically altered the historical fire regime and vegetation patterns.
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Figure 1. The north Sierran ecoregion (based on CalVeg Mapping zones) and the Upper Yuba River watershed
project area (inclusive of a 5-km buffer around the focal landcape extent) located on the Tahoe National
Forest.

LANDSCAPE DISTURBANCE-SUCCESSION MODEL

To simulate disturbance and succession processes represenative of the historical reference period within the
project area, we developed a landscape disturbance-succession simulator (LDSim). LDSim was developed
based on the framework implemented in RMLands (Rocky Mountain Landscape Simulator, McGarigal and
Romme 2005a,b; McGarigal and Romme 2012) that was originally developed to simulate HRV of forests in the
Rocky Mountains (e.g., Cushman et al. 2011). LDSim adopted the overall structure of RMLands but greatly
expanded the flexibility of the software to model any heterogeneous landscape and any suite of disturbance
processes. It is beyond the scope of this document to fully describe LDSim (a detailed technical document
is forthcoming). Here, we provide only a brief overview of the model structure and a brief description of the
major components pertaining to the simulation of natural disturbance and succession processes.

LDSim can be characterized among LDSMs as follows:

• Raster-based - The data format is a raster in geotiff format. Each cell or pixel has a suite of attributes
that record its biophysical condition and disturbance history over time. Disturbance and succession
act to change these attributes over time. The grain (cell size) and extent of the grid is only limited by
computer memory.
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• Spatially-explicit - Location matters, particularly in the disturbance model in which disturbance events
are modeled as a contagious process; i.e., one that spreads from cell to cell. For example, the location
of a cell will affect whether it gets disturbed during an event because the disturbance may spread faster
uphill, in the direction of the prevailing wind, or through more susceptible vegetation.

• Stochastic - Each step of the disturbance and succession processes have a stochastic component that
adds variability to the outcome. Consequently, the model outcomes from replicate simulations will
never be exactly the same. As a result, the specific outcomes are not intended to be predictive of what
will actually happen in any particular place at any point in time. Rather, the outcomes are intended
to be representative, in a statistical sense, of the kinds of outcomes that could happen.

• Phenomenological - The model seeks to emulate the statistical properties of disturbance and succession
processes; i.e., produce simulated behavior that is consistent with the statistical properties of real-
world observations (e.g., mean disturbance patch size, mean return interval, etc.). In this statistical or
phenomenological modeling approach, the mechanics of the process are deemed unimportant so long
as the observed statistical properties of the phenomenon are emulated well. For example, the actual
mechanism by which a fire of a given intensity determines whether a tree is killed (i.e., severity) is
not represented explicitly in the algorithm. Instead, the algorithm is designed to produce the desired
result of say a 20% chance of high severity under particular conditions.

Succession occurs at the beginning of each time step in the simulation and represents the establishment,
gradual growth and/or development, and eventual senescence of vegetation over time. Succession is im-
plemented as a completely unconstrained process in which the user defines a function for changing any of
the cell attributes. Typically, a function is written to cause changes in one or more discrete vegetation
attributes, such as the vegetation state, in what is referred to as a stochastic state-and-transition approach.
In this case, vegetation cover types transition probabilistically between discrete states (e.g., seral stages).
Transitions can be defined uniquely for each cover type and can be conditioned on any of the cell attributes.
Alternatively, and in this application, a function is written to cause continuous changes in one or more
vegetation attributes, such as canopy height growth, in which case there are no transitions between discrete
states but rather continuous change in the vegetation attribute(s). In addition, succession transitions can
occur either at the cell level in which each cell undergoes succession independently or at the patch level (de-
fined as spatially contiguous cells having the same cell attributes, as defined) in which each patch undergoes
succession independently. Succession patches might represent something akin to forest stands. However, in
this application we applied succession at the 5m cell level - essentially at the scale of a single mature tree.

Disturbance follows succession in each time step in the simulation. LDSim uses a generic disturbance
algorithm that can be meaningfully parameterized to represent a variety of natural disturbances, including
fire, insects/pathogens and wind, although only fire was simulated in this project. Each disturbance process
is implemented separately using the same generic algorithm (albeit parameterized separately), but affects and
is affected by other disturbance processes operating concurrently to produce changes in landscape conditions.
The common disturbance algorithm consists of the following key components:

• Climate - Climate can play a significant role in determining the temporal and spatial characteristics
of the disturbance regime. The disturbance climate is specified as an optional global parameter that
optionally can affect initiation, spread, and/or mortality of all disturbance events within a time step.
Climate can be specified as constant with a user-specified level of temporal variability, a trend over
time (with variability), or as a user-defined trajectory reflecting the climate conditions during a specific
reference period. The climate parameter can play a major role in producing temporal variability in
the disturbance regime and in the temporal dynamics of the landscape structure outcomes.

• Susceptibility - Prior to the initiation of a disturbance event each cell is evaluated for its susceptibility
to the disturbance. Each cell has a probability of disturbance (i.e., susceptibility) that can be defined
as a simple or complex function of any of the cell attributes or global parameters. For example,
susceptibility to wildfire may be given as a function of the cell’s vegetation type (e.g., cover type),
vegetation condition (e.g., age), time since the last disturbance, and/or phyiscal site conditions (e.g.,
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topographic position), and as a function of the current climate. Susceptibility affects the probability
of a cell initiating a disturbance event and the probability of a disturbance spreading to the cell from
an adjacent cell.

• Initiation - Disturbance events are initiated at the cell level. Each cell has a relative probability of
initiation in each time step that is a function of its susceptibility to the disturbance (as defined above)
and the overall rate of disturbance. The rate of disturbance is a function of the current climate and
a single global parameter that determines the baseline number of disturbance attempts per unit area
per time step. The realized number of disturbance events initiated in any given time step will be a
function of the global initiation rate, which remains constant over time, the current climate, which
varies over time, and the susceptibility of the cell, which varies over both space and time.

• Spread - Once initiated, disturbance spreads to adjacent cells (or nearby cells via “spotting”) in a
probabilistic fashion. Each cell has a probability of spread during each iteration of the spread process
that is a function of its susceptibility to disturbance (as defined above), which can be further modified
in a variety of ways including, for example, its relative position (e.g., relative elevation or wind direc-
tion), the influence of potential barriers (e.g., roads and streams), and the maximum size of the event
(reflecting the propensity for the weather to impede or facilitate spread).

• Termination - An event terminates either due to the probabilistic spread (i.e., fails to spread further
by chance due to the low spread probabilities in adjacent cells) or because of a limit placed on spread
to reflect variable weather conditions at the time of the event. This event modifier limits the final size
of the disturbance and is specified as a user-defined size distribution.

• Mortality - Following spread, each cell is evaluated to determine the magnitude of ecological effect of
the disturbance. Each cell can exhibit either high mortality or low mortality. The interpretation of
high versus low mortality will depend on the spatial resolution (i.e., cell size) of the simulation, because
at very high resolutions (e.g., 5 m cell size) a mature tree either dies or does not, hence the use of only
two severity levels (high or low).

• Transition - Following mortality, each cell is evaluated for potential immediate changes to any of the
spatail attributes of a cell, including the transition to a different vegetation state as defined. Transitions
can be defined uniquely for each cover type and can involve any attributes of the cell. Note, these
immediate disturbance-induced transitions are differentiated from the successional transitions that
occur at the end of each time step in response to gradual growth and development of vegetation over
time.

GEOSPATIAL DATA

We compiled or derived several geospatial data layers for the project area to support the HRV simulation.
As noted in Table 1, only some of these layers served as direct input to LDSim; many of the layers were
needed for deriving other layers. All layers were represented as 5 m rasters (in a geotiff data format) with
a common projection. In Table 1 we provide only a brief description of each layer; see Appendix A for
additional details.

Table 1. Geospatial data layers developed for the Upper Yuba River watershed Historical Range of Variability
assessment (See Appendix A for detailed descriptions of each layer). Layers are listed in alphebetical order.
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Spatial Layer Description Source
Age Estimate of vegetation Age (yrs)

predicted from canopy height and site
index (see below) based on developed
growth equations for forests within the
project area core (i.e., extent of the
Ecobjects data), and classified based
on canopy cover from above for all
shrublands and tree diameter for
forests within the project area buffer
based on Eveg data. [LDSim model
input]

Ecobjects: Tahoe National
Forest, nominal date of data:
June 2014; Eveg: USDA Forest
Service FSGeodata
Clearinghouse,
https://data.fs.usda.gov/
geodata/edw/datasets.php,
nominal date of data: March 22
- Jan 18, 2018.

Aspect Aspect (degrees) derived from the
elevation raster (see below) using the
R terrain() function in the Raster
package, and then classified into nine
bins (eight 45 degree bins plus flat).
[LDSim model input]

Elevation layer

Available Water
Storage (AWS)

Estimate of potential soil water
storage (ml) to a depth of 150cm,
which served as an input to the mesic
index layer (see below).

USGS NRCS gSSURGO soil
data, Geospatial data gateway
(https://gdg.sc.egov.usda.gov/)

Biophysical Class
(BPC)

Categorical clasification of predicted
cumulative tree biomass (Biomass)
under historical dynamic equilibrium
conditions, but spatially simplified to
create more practical management
units. Predicted Biomass was derived
from a Random Forest model based on
simulated cumulative tree biomass and
a suite of nine physical predictor
variables at the cell level. BPCs were
derived largely for the purpose of
summarizing and describing the
historical range of variability metrics
(i.e., as a means of packaging the
results).

Precipitation, Water balance
deficit, Available soil water,
Topographic wetness index,
Heat load index, Growing
degree days, Topographic
position index, Aspect, and
Elevation layers

Buffer Categorical dstinction between the
project area "core" and "buffer", which
served to distinguish the broader
simulation landscape from the target
core landscape for which all results
were computed and reported. [LDSim
model input]

Derived
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(continued)
Spatial Layer Description Source

Cover Categorical cover types representing
relatively stable biophysical settings
that support characteristic vegetation
communities under a natural
disturbance regime. [LDSim model
input]

Ecobjects: Tahoe National
Forest, nominal date of data:
June 2014; Eveg: USDA Forest
Service FSGeodata
Clearinghouse,
https://data.fs.usda.gov/
geodata/edw/datasets.php,
nominal date of data: March 22
- Jan 18, 2018.

Developmental
Stage

Categorical successional stages of
vegetation development following a
high-mortality disturbance used to
classify cells into vegetation states for
the purpose of characterizing
landscape structure.

Age, Cover and Site Index layers

Elevation Elevation (m) derived from a digital
elevation model. [LDSim model input]

Ecobjects: Tahoe National
Forest, nominal date of data:
June 2014; USGS Digital
Elevation Model (DEM) 1/3 arc
(~10 m) data, National
Geospatial Program
(https://viewer.nationalmap.gov/basic/),
date of data access: January 16,
2019.

Energy Index Potential site productivity index based
on physical site attributes pertaining
to light and heat energy.

Growing Degree Days and Heat
Load Index layers

Growing Degree
Days (GDD)

Estimate of the number of growing
degree days above 0 degrees Celsius
based on downscaled climate 30-year
summary data for the period
1981-2010.

California BCM (Basin
Characterization Model)
Downscaled Climate 30-year
Summaries
(http://climate.calcommons.org/
dataset/2014-CA-BCM)

Heat Load Index
(HLI)

Unitless index of heat load based on
potential direct incident solar
radiation adjusted to reflect the
maximum temperature gradient along
the southwest-northeast axis. [LDSim
model input]

Elevation layer

Precipitation Estimate of precipitation (mm) based
on downscaled climate 30-year
summary data for the period
1981-2010.

California BCM (Basin
Characterization Model)
Downscaled Climate 30-year
Summaries
(http://climate.calcommons.org/
dataset/2014-CA-BCM)

Mesic Index Potential site productivity index based
on physical site attributes pertaining
to available moisture. [LDSim model
input]

Precipitation, Topographic
Wetness Index, Heat Load
Index, Water Balance Deficit,
and Available Water Storage
layers
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(continued)
Spatial Layer Description Source
Site Index Potential site productivity index based

on physical site attributes derived from
a combination of mesic and energy site
indices. [LDSim model input]

Energy Index and Mesic Index
layers

Slope Percent slope. Elevation layer
Streams Categorical representation of rivers

and streams based on size. [LDSim
model input]

Elevation layer

Tau Index Index randomly assigned to groups of
cells (based on site index) for the
purpose of assigning tree height
growth trajectories above or below the
average determined by site index.
[LDSim model input]

Site Index layer

Topographic
Position Index
(TPI)

Unitless index of topographic position
based on mean deviations in the
elevation surface. [LDSim model input]

Elevation layer

Topographic
Wetness Index
(TWI)

Unitless index of topographic wetness
based on the potential for water to
accumulate resulting from the
predicted quantity of water flowing to
a site and the predicted rate of
drainage from the site (i.e., water
balance).

Elevation and Precipitation
layers

Tree Cover Class Categorical representation of the
density of neighboring forested cells
with established trees for the purpose
of characterizing landscape structure.

Cover and Developmental Stage
layers

Tree Diameter Diameter at breast height (in) of
forested cells with established trees
used to classify cells into tree size
classes for the purpose of
characterizing landscape structure.

Cover, Developmental Stage and
Tree Height layers

Tree Height Height (ft) forested cells with
established trees used to classify cells
into developmental stages for the
purpose of characterizing landscape
structure.

Cover, Developmental Stage,
Site Index and Age layers

Tree Size Class Categorical representation of the
quadratic mean diameter (QMD) of
neighboring forested cells with
established trees for the purpose of
characterizing landscape structure.

Cover, Developmental Stage and
Tree Diameter layers

Vegetation State Categorical representation of the
discrete vegetation "states" that a
cover type could exist in during the
simulation based on a combination of
developmental stage and tree cover.
[LDSim model input]

Cover, Developmental Stage and
Tree Cover Class layers
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(continued)
Spatial Layer Description Source
Vegetation State
Age

Number of years in the current
Vegetation Sate. [LDSim model input]

Age, Cover, Developmental
Stage and Site Index layers

Water Balance
Deficit (WBD)

Estimate of climatic water balance
deficit (mm), computed as the
difference between an Potential
Evapotranspiration (PET) and Actual
Evapotranspiration (AET), based on
downscaled climate 30-year summary
data for the period 1981-2010.

California BCM (Basin
Characterization Model)
Downscaled Climate 30-year
Summaries
(http://climate.calcommons.org/
dataset/2014-CA-BCM)

MODEL PARAMETERIZATION

LDSim has a user-derfined set of model parameters that govern the disturbance and succession processes for
any particular user-defined application and scenario. Importantly, the parameterization of the disturbance
and succession processes represents the set of user assumptions about the system being modeled, and the
results are only meaningful in reference to this set of assumptions. In addition, the parameterization of the
model is application- and scenario-specfic. For example, one application might involve wildfire disturbances,
while another application might involve a combination of wind and insect disturbances, and the model pa-
rameterization would vary accordingly. Similarly, for the wildfire application, one scenario might involve
natural wildfires under historical climate conditions, while another scenario might involve future climate
conditions, and the model parameterization would vary among scenarios. Importantly, the parameteriza-
tion represents a user-defined objective and LDSim has a relatively open architecture that allows for the
disturbance and succession processes to be defined uniquely for every application. For the HRV scenario in
this project, we parameterized the model to reflect our best understanding of the succession and wildfire
disturbance processes characteristic of the historical reference period in the project area. In the following
sections, we briefly describe the model parameterization for this application; see Appendix B for additional
details.

Wildfire Climate

The climate conditions affecting wildfire disturbance during each time step of the simulation were governed
by a single global parameter, the Wildfire Climate Index, in which a single coefficient was assigned to each
time step. The Wildfire Climate Index was incorporated into several stages of the wilfire disturbance process,
including: 1) susceptibility, 2) initiation, 3) spread, and 4) mortality, as described below.

The Wildfire Climate Index was based on the Palmer Modified Drought Severity Index (PMDI), which
is a long-term measure of drought, on the scale of months to years, that is based on precipitation and
temperature and incorporates soil moisture. PMDI data was obtained from NOAA’s Living Blended Drought
Atlas (LBDA) Version 2 (https://www.ncdc.noaa.gov/paleo-search/study/22454). As described by NOAA,
“the half degree gridded Jun-Aug PMDI reconstructions from Cook et al. (2010) were recalibrated using the
Global Historical Climatology Network (GHCN) 5 km grid PMDI data (for the years 0 to 2017). The 5
km data were first upscaled to match the original half-degree grid. The recalibration was performed using
a kernel density distribution mapping (KDDM) technique outlined in McGinnis et al. (2015) using an R-
package provided by Seth McGinnis. LBDA used a 50-year recalibration period covering 1929-1978 CE. They
also adjusted each grid point’s mean PMDI value for the recalibration period to be zero to avoid importing
wet or dry bias into the recalibration. The recalibrated data set covers the continental United States just as
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the GHCN instrumental data does. Since instrumental data was used for 1979-2005 CE in the Cook dataset,
recalibration applied only to the years 0-1978 CE. The 1979-2017 instrumental years were filled in using the
post-recalibration period values from the GHCN PMDI data.”

We extracted the PMDI data from the LBDA dataset for the point locations falling within the north Sierra
ecoregion (Figure 2) and processed the data as follows:

Figure 2. Palmer Modified Drought Severity Index (PMDI) sample point locations within the north Sierran
ecoregion (based on CalVeg Mapping zones) in relation to the Upper Yuba River watershed.

• First, we computed the inverse distance-weighted average PMDI value for each year based on the
distance between the PMDI sample point locations and the centroid of the Upper Yuba River watershed.

• Next, we selected the data for the years corresponding to our designated historical reference period
(1550-1850, n=300) and then used a bootstrap procedure to expand this record to 2,500 observations.
Specifically, our procedure for simulating HRV involved running LDSim for 500 5-year time steps (or
2,500 years), which our previous work (McGarigal et al. 2018) indicated was sufficient to effectively
characterize the HRV in landscape structure. Thus, we required a climate trajectory of equal length.
Rather than use the observed PMDI data for the past 2,000 years, we chose to restrict the climate record
to our chosen historical reference period (1550-1850). The bootstrap procedure involved randomly
selecting a 10-year period from the historical reference period, appending this data to the historical
reference period data, and repeating this process until we derived the desired record length of 2,500.
This procedure produced a PMDI record of the desired length but one in which the observed variability
over time was represented of the 300-year historical reference period.

• Next, we computed the 5-year average PMDI to align with the five-year time steps in our model,
resulting in a total of 500 observations.
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• Next, we inverted the 5-year average PMDI by multiplying by -1 so that positive values represented
drier conditions and negative values represented wetter conditions for a more intuitive use in the LDSM
(i.e., increasing values resulted in increasing wildfire).

• Lastly, we shifed and rescaled the index to accommodate the wildfire spread function described below.
Specifically, we shifted the index so that its neutral value was 1 instead of 0 (by adding 1 to all values).
Thus, values > 1 were drier than average and values < 1 were wetter than average. We also adjusted
the sread of the distribution to have a standard deviation of 0.2, although this was somewhat arbitrary
and resulted from model calibration (see below).

The final Wildfire Climate Index trajectory represented a vector of 500 coefficients, one for each 5-year time
step of the simulation (Figure 3).

Figure 3. Wildfire Climate Index trajectory corresponding to 500 5-year time steps in the simulation. The
Climate Index was based on the inverted and rescaled 5-year averaged, inverse-distance weighted mean
Palmer Modified Drought Severity Index (PMDI) for the sample point locations within the north Sierran
ecoregion (based on CalVeg Mapping zones). Note, here we inverted PMDI so that positive values represented
drier conditions and negative values represented wetter conditions, and we also rescaled the index to have a
standard deviation of 0.2 (see text for details).

Wildfire Susceptibility

Wildfire susceptibility for any given cell in the current time step was modeled as a function of fuels and
climate for most cover types (exceptions noted below). Specifically, the fuels component (F) was modeled as
a Logistic function of the number of years since the last fire, reflecting the build up of fuels over time, and the
Heat Load Index (hli), reflecting the expected flammability of the fuels based on topographically-influenced
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fuel moisture. The climate component (M) was modeled as a Logistic function of the Wildfire Climate Index,
reflecting the expected flammability of fuels based on climate conditions during the time step. The fuels and
climate components were combined with a geometric mean to produce the final Wildfire Susceptibility Index
(V). The Wildfire Susceptibility Index for any given cell in any given time step was determined as follows:

Fit = e(b0+b1Ait+b2Hi)

(1 + e(b0+b1Ait+b2Hi))

Mt = e(b3+b4Ct)

(1 + e(b3+b4Ct))

Vit =
√

FitMt

where: b0 - b4 = user-specified Logistic parameters that could vary among cover types; Ait = Age since the
last fire of the ith cell in the tth time step; Hi = Heat Load Index (hli) of the ith cell; Ct = Wildfire Climate
Index in the tth time step; Fit = Fuels Index of the ith cell in the tth time step; Mit = Climate Index of the
ith cell in the tth time step; and Vit = Wildfire Susceptibility Index of the ith cell in the tth time step.

Given this function, the final Wildfire Susceptibility Index was on the probability scale (0-1) and used in
the wildfire initiation and spread functions (see below) such that a value of 0 would prevent wildfires from
initiating in or spreading into the cell, and as the value increased to 1 the probability of initiating a wildfire
would increase as would the probability of a wildfire spreading to the focal cell from an adjacent burning
cell, all other things being equal.

We used expert opinion to specify the beta coefficients for each cover type (see Appendix B). We varied
the b0 and b1 coefficients among cover types to reflect differences in reported historical mean fire return
intervals among cover types (see Model Calibration) - shifting the response curves left or right so that the
inflection point (Wildfire Susceptibility Index = 0.5) roughly equaled the target mean return interval - and
held the Heat Load Index coefficient (b2) and Climate coefficients (b3 and b4) the same across all cover
types to reflect the global affect of topography and climate on wildfire susceptibility. As an example, the
wildfire susceptibility function for Sierra Mixed Conifer (SMC) forest is depicted in Figure 4. Note that
the Wildfire Susceptibility Index is close to 0 for several years following a fire and then rises rapidly as the
fire-free period increases, reflecting the gradual build up of fuels. Also note that for any number of years
since fire the Wildfire Susceptibility Index increases with increasing Heat Load Index, reflecting drier fuels
on ridetops and southwest facing slopes, but that the effect is greatest during the period of rapid build up of
fuels. Lastly, note that climate exerts a major influence on susceptibility after the initial build up of fuels.
Under very wet climate conditions susceptibility to wildfire remains low regardless of fuel conditions, and as
the climate conditions increasingly dry susceptibility increases dramatically.
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Figure 4. Wildfire Susceptibilty Index as a Logistic function of the number of years since the last fire (Years
since fire) for Sierra Mixed Conifer forest. The dashed, solid and dotted lines depict the response functions
for the minimum, mean and maximum Heat Load Index (hli), and the red, black and green sets of lines
depict the response functions for the minimum, mean and maximum wildfire Climate Index. The values of
the Logistic parameters (b0 - b4) for this cover type are shown as well.

There were several exceptions to the wildfire susceptibility function, as follows:

• Wetland - Susceptibility to wildfire was modeled as a simple Logistic function of climate, reflecting the
observation that wetlands generally are never fuel limited and topography is relatively unimportant,
as follows:

Vit = e(b0+b1Ct)

(1 + e(b0+b1Ct))

where: b0 - b1 = user-specified Logistic parameters; Ct = Wildfire Climate Index in the tth time step;
and Vit = Wildfire Susceptibility Index of the ith cell in the tth time step.
We parameterized the function so that susceptibilty remained approximately 0 until the climate con-
ditions became extremely dry (Figure 5).
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Figure 5. Wildfire Susceptibilty Index as a Logistic function of the wildfire Climate Index (inverted
and rescaled 5-year mean Palmer Modified Drought Severity Index, see text for details) for wetlands.
The values of the Logistic parameters (b0, b1) for this cover type are shown as well.

• Agriculture and Urban - Susceptibility to wildfire was modeled as a constant (0.005), reflecting the
observation that fire suppression in these developed cover types would likely override any natural
forces and keep the likelihood of fire extremely low.

• Water and Barren - Susceptibility to wildlife was 0 for these cover types, reflecting the lack of fuel in
these cover types.

Wildfire Initiation

The number and spatial distribution of wildfire initiations in any given time step was governed by: 1) a
global wildfire initiation rate parameter that controlled the number of initiation attempts per unit area and
remained constant over time, 2) the current climate conditions as represented by the Wildfire Climate Index,
that varied over time but not space, and 3) the susceptibility to wildfire as represented by the Wildfire
Susceptibility Index, that varied over both space and time. The relative probability of wildfire initiation in
any given cell in the current time step was determined by the Wildfire Susceptibility Index (wfireSusc). Thus,
as the susceptibility to wildfire in a cell increased, the relative probability of initiating a wildfire increased
as well. However, the number of attempted wildfire initiations per unit area in any given time step was
determined by the product of the global wildfire initiation rate parameter and the Wildfire Climate Index,
as follows:

At = ICt

where: I = global wildfire initiation rate parameter; Ct = Wildfire Climate Index in the tth time step; and
At = number of attempted wildfire initations in the tth time step.

Thus, the number of attempted wildfire initiations per unit area varied over time with the Wildfire Climate
Index. When the Wildfire Climate Index was high, say 1.5 (indicative of very dry conditions), the number
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of attempts per unit area was 50% greater than the number given by the global wildfire initiation rate;
coversely, when the index was low, say 0.5 (indicative of very wet conditions), the number of attempts was
50% less than the baseline number.

The realized number of wildfire initiations in any given time step was governed by the number of attempts
(At) and the distribution of the Wildfire Susceptibility Index, which determined whether any cell chosen at
random actually initiated a wildfire event. The number of attempted wildfire initations determined how many
cells were chosen at random and the Wildfire Susceptibility Index determined the probability of the chosen
cells initiating an event. Thus, the realized number of wildfire events varied over time with the changing
climate and with the changing susceptibility of the landscape to wildfire. The global wildfire initiation rate
paramter was used as a calibration parameter to raise or lower the average realized number of wildfire events
to achieve the target wildfire rotation period for the landscape (see Model Calibration below).

Wildfire Spread

The probability of wildfire spread to a focal cell from an adjecent burning cell during an individual disturbance
event was determined by several factors, including the Wildfire Susceptibility Index, wind direction and
strength, relative slope, the presence of streams, climate, and a calibration coefficient for each cover type.
The relative weight of the Wildfire Susceptibility Index, wind, and relative elevation, as well as the strength
of the stream impediment effect, varied with the size of the event, as described below. These factors were
combined in a complex function as follows:

Zijt = max[
max[Vijt, (wv

jtVijt + ww
jtWijt + we

jtEijt)]Si)
d

Ct, 1]

where: * Zijt = probability of spread from an adjacent burning cell to the ith cell during the jˆth wildfire
event in the tth time step; * Vijt = Wildfire Susceptibility Index of the ith cell during the jˆth wildfire event
in the tth time step; * Wijt = Wind Index (direction and strength) of the ith cell during the jˆth wildfire
event in the tth time step; * Eijt = Relative Slope Index of the ith cell during the jˆth wildfire event in the tth

time step; * wjt
v = weight of the Wildfire Susceptibility Index during the jˆth wildfire event in the tth time

step; * wj
w = weight of the Wind Index during the jˆth wildfire event in the tth time step; * wj

e = weight of
the Relative Slope Index during the jˆth wildfire event in the tth time step; * Si = Stream Impediment Index
for the ith cell; * d = distance between adjacent cells adjustment: d = 1 for the spread to an orthogonal
neighboring cell (i.e., shares a full side) and d = 1.4 for the spread to a diagonal neighboring cell; * Ct =
Wildfire Climate Index in the tˆth time step;

Wildfire Susceptiblity Index (V) was scaled as a probablity (0-1) and was described previously.

Wind (W) was incorporated in two parts. First, a prevailing wind direction for an individual wildfire event
was selected probabilistically from the eight cardinal directions. To derive the wind distribution values,
we summarized all available historical wind direction data from 6 local weather stations (Rice Canyon,
Saddleback, Downieville, White Cloud, Emigrant Gap, and Blue Canyon) for the fire season (May 15 to
October 15) and burning period times (1000 to 1800 hours)(Figure 6). Data from all weather stations was
weighted equally. After the wind direction (i.e., the direction the wind was blowing from) was selected for
the particular event, the fire was able to grow in all directions, but was relatively more likely to spread with
the wind than against it (i.e., directional bias). We used expert opinion to parameterize the strength of
this directional bias, which caused a reduction in the probability of spread as the angle increased from the
direction the wind was blowing (Figure 6). Note, the realized effect of wind on the probability of spread
depended on the weight assigned to wind and the maximum size of the fire (see below).
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Figure 6. Probability of the wind direction (i.e., the direction the wind is blowing from) for a wildfire event
and the relative probability of wildfire spreading to a cell from an adjacent burning cell based on its direction
relative to the chosen wind direction. With a southwest wind, for example, a cell that was Northeast of a
burning cell would have 0 degree directional bias and a relative probability of 1, whereas a cell that was
East of a burning cell would have a 45 degree directional bias and a relative probability of 0.75 (see text for
details).

Relative slope (E) was defined as the percent slope uphill or downhill from an adjacent “burning” cell to the
focal cell. A positive relative slope meant that the focal cell was uphill of the burning cell. Conversely, a
negative relative slope meant that the focal cell was downhill of the burning cell. We used expert opinion to
parameterize the strength of the relative slope effect, which caused a reduction in the probability of spread
from the maximum (1) when the focal cell was uphill at > 50% slope from the burning cell (Figure 7).
Probability of spread decreased for shallower slopes and cells downhill of the burning cell. Note, as with
wind, the realized effect of relative slope on the probability of spread depended on the weight assigned to
relative elevation and the maximum size of the fire (see below).
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Figure 7. Relative probability of wildfire spreading to a cell from an adjacent burning cell based on its
relative percent slope. Probability increased with increasing slope uphill of a burning cell and decreased
with increasing slope downhill of a burning cell (see text for details).

Streams (S) were treated as a potential impediment to spread, depending on stream size and maximum fire
size. We used expert opinion to parameterize the magnitude of the effect, which caused a reduction in the
probability of spread. Regardless of size, streams had no effect on spread for the largest fires (i.e., probability
= 1) but their effect increased as the fire size decreased and stream size increased (Figure 8). Consequently,
large streams were usually an effective barrier for the smallest fires, whereas small streams had almost no
effect even on the smallest fires.
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Figure 8. Relative probability of wildfire spreading through a stream cell as function of stream size class and
the maximum size (ha) of the fire.

Climate (C) was based on the wildlfire Climate Index described previously. The wildlfire Climate Index
varied over time within the range of approximately 0.5 - 1.5. Thus, as used in the spread function, when the
Index was < 1 (indicative of wetter conditions) Climate acted to reduce the probability of spread; whereas,
when the Index was > 1 (indicative of drier conditions) Climate acted to increase the probability of spread.

We also allowed for “spotting” during wildfire spread; i.e., the fire leaping ahead and initiating in cells ahead
of the advancing front. Specifically, during each iteration of the fire spread there was a Bernoulli probability
of spotting (i.e., yes or no) that varied with fire size (Figure 9). If the Bernoulli trial was successful, a cell
on the fire front was selected at random to serve as the source of the spotting. Next, a spotting distance
was selected at random from a Uniform distribution between 1 and a maximum spotting distance that also
varied with fire size (Figure 9). Next, the cell at the randomly selected distance from the source cell and
in the direction the wind was blowing for this particular event was subjected to a Bernoulli trial based on
its probability of initiation (see above). If successful, the cell became part of the active fire front for the
next spread iteration. We used expert opinion to parameterize spotting so that as fires became larger, their
probability of spotting and spotting distance increased, as depicted in Figure 9. Thus, spotting was only
important for the largest fires where its main effect was to facilitate fire spread past potential barriers such
as large rivers, barren areas and water bodies.

18



Figure 9. Relative probability of wildfire spreading via “spotting” to a cell ahead of the active burning front.
Probability of spotting and the maximum spotting distance (m) increased with the maximum size (ha) of
the fire (see text for details).

A complete description of the spread algorithm is beyond the scope of this document. Briefly, based on the
parameterization described above, after a successful wildfire initiation, fire spread contagiously to adjacent
cells based on their probability of spread (Zijt) and occasionally spotted ahead of the burning front. Fire
continued to spread in an iterative manner outward from all “burning” cells until either it stopped by
chance due to low spread probabilities or it reached the randomly selected maximum fire size (see wildfire
Termination below). As given in the spread equation above, the probability of spreading from a “burning”
cell to an adjacent cell was largely determined by the maximum of the cell’s current Wildfire Susceptibility
Index (Vijt)(which was largely a function of its fuel load and condition based on topographic position) and a
weighted combination of the cell’s current Wildfire Susceptibility Index, Wind Index and Relative Slope Index
(wv

jtVijt + ww
jtWijt + we

jtEijt), where the weights varied as a function of the randomly selected maximum
fire size for the current event (see wildfire Termination below). We parameterized these spread weights
such that the larger the selected maximum fire size, the more weight that was given to wind and relative
elevation (Figure 10). For the largest fires (~100,000 ha), wind was the dominant factor determining the
local probability of spread. Streams (Si) were incorporated as a multiplier such that they acted to suppress
the probability of spread across a stream, but with the strength of the effect decreasing with increasing fire
size and decreasing stream size (Figure 8). Next, the Wildfire Climate Index (Ct) was incorporated as a
multiplier such that it acted to increase (to a ceiling of 1) or decrease the probability of spread for all cells
and all wildfire events within the current time step (t). Lastly, the spread calibration coefficient for each
cover type (Gi) was incorporated as a multiplier so as to variably decrease the probability of spread through
some cover types in order to achieve the target overall fire rotation periods for each cover type (see model
Calibration below).
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Figure 10. Relative weights assigned to the wildfire Susceptibility Index, Wind Index, and Relative Slope
Index in the wildfire spread function. As maximum fire size (ha) increases, the relative importance of
susceptibility decreases and the importance of wind and relative slope increases. At the largest fires, wind
becomes the dominant factor; whereas, at the smallest fires only susceptiblity has an effect (see text for
details).

Wildfire Termination

The spread of an individual wildfire event was terminated when either it stopped by chance due to low
spread probabilities or it reached a randomly selected maximum fire size. In this regard, maximum fire
size functioned as a surrogate for random weather conditions (e.g., rain event) that can limit the spread
of a fire regardless of the underlying fuel conditions. We determined the maximum fire size distribution
by analyzing the size distribution of all mapped fires (N=32,497) that occurred between 1908-1979 in the
North Sierran CALVEG mapping zone, available from the USDA Forest Service, Pacific Southwest Region,
Fire Return Interval Departure (FRID) dataset (https://www.fs.usda.gov/detail/r5/landmanagement/gis/
%3Fcid%3Dstelprdb5361974)(Figure 11). We limited the fire record to those prior to 1980 to reflect con-
ditions prior to major changes in the fire regime resulting from accumlated fuels and climate change. In
addition, although these data do not stem from the historical reference period, we deemed that they were an
acceptable representation of the expected fire size distribution for the reference period with the exception
that they don’t contain the very large fires that likely occurred as wildfire disturbance regime during the
historical reference period.
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Figure 11. Maximum wildfire size distribution used a surrogate for individual wildfire event factors such
as weather conditions that can limit the spread of fire regardless of the underlying fuel conditions. Data
represent 32,497 mapped fires that occurred between 1908-1979 in the North Sierran CALVEG mapping
zone, available from the USDA Forest Service, Pacific Southwest Region, Fire Return Interval Departure
(FRID) dataset.

Wildfire Mortality

Following the termination of a wildfire event the probability of high versus low mortality of the overstory
vegetation in each 5 m cell that burned was determined by two major factors: 1) fire intensity, which was
a function of the fuel loads in the neighborhood of the focal cell (proxided by the age of the vegetation and
time since the last fire), the topographic position of the focal cell, and the climate conditions of the current
time step; and 2) the resistance of the focal cell, which was a function of the age of the vegetation in the
focal cell, as described below. High mortality was interpretted as the death of all overstory vegetation in the
cell, whereas a low mortality response was interpretted as partial or no overstory mortality in the cell.

Fire Intensity - Fire intensity for any given cell in any given time step was modeled as a Logistic function of
fuel loads in the neighborhood of the focal cell, topographic position and climate, as follows and as shown
in Figure 12:

Iit = 1
(1 + e−(b0+b1Fit+b2Ti+b3Ct))

where: b0 - b3 = user-specified Logistic parameters that were held constant across all cover types (b0=-10,
b1=0.06, b2=0.015, b3=4); Fit = Fuel Load Index of the ith cell in the tth time step (see below); Ti =
Topographic Position Index (tpi) of the ith cell; Ct = Wildfire Climate Index in the tth time step; and Iit =
Fire Intensity Index of the ith cell in the tth time step.
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Figure 12. Fire Intensity Index (0-1), which served as one of the components of the wildfire mortality function
to determine the probability of a high mortality response (i.e., death of all overstory vegetation) in a cell
after burning. Fire intensity was a Logistic function of the Fuel Load Index of the focal cell, the Topographic
Position Index (tpi) of the focal cell and the wildfire Climate Index for the current time step, as depicted.

The Fuel Load Index (F) of a focal cell was derived by computing the Gaussian kernel intensity of coarse
and fine fuels in the ecological neighborhood of the focal cell, as follows. First, a Gaussian kernel with a
bandwidth (standard deviation) of 30 m (98 ft) was placed over each neighboring cell within 90 m (295 ft)
of the focal cell. To compute the intensity of coarse fuels, the height of the Gaussian kernel, which served as
the weight of the cell, was based on a cumulative Weibull function of tree breast height Age (as a proxy for
coarse fuel loads), as follows and as shown in Figure 13:

Wjt = 1− e−(
Ajt

56.41896 )2

where: Ajt = breast height Age (yrs) of the jth neighboring cell in the tth time step; and Wjt = Weight
assigned to the jth neighboring cell in the tth time step.
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Figure 13. Weight of a cell given as a cumulative Weibull function of breast height Age (yrs) to determine
the intensity of coarse fuels in the neighborhood of a focal cell based on a Gaussian kernel. The kernel
intensity of coarse fuels was combined with the kernel intensity of fine fuels (see below) to determine the
intensity of fuels for a focal cell, which combined with other factors to determine the probability of a high
mortality response (i.e., death of all overstory vegetation) in a cell after burning (see text for details).

Thus, once a cell reached ~100 years breast height Age it was assigned the maximum weight (i.e., full coarse
fuel load production).

Next, to compute the intensity of fine fuels, the height of the Gaussian kernel was based on a cumulative
Weibull function of the time (years) since the last fire (as a proxy for fine fuel loads), as follows and as shown
in Figure 14:

Wjt = 1− e−(
Yjt
10 )

where: Yjt = time (yrs) since the last fire of the jth neighboring cell in the tth time step; and Wjt = Weight
assigned to the jth neighboring cell in the tth time step.
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Figure 14. Weight of a cell given as a cumulative Weibull function of the time (yrs) since the last fire to
determine the intensity of fine fuels in the neighborhood of a focal cell based on a Gaussian kernel. The
kernel intensity of fine fuels was combined with the kernel intensity of coarse fuels (see above) to determine
the intensity of fuels for a focal cell, which combined with other factors to determine the probability of a
high mortality response (i.e., death of all overstory vegetation) in a cell after burning (see text for details).

Thus, once a cell reached ~30 years since the last fire it was assigned the maximum weight (i.e., full fine fuel
load production).

The bandwidth (standard deviation) of the Gaussian kernel was 30 m; thus, 95% of the Fuel Load Index of
a focal cell was determined by the breast height Age (coarse fuels) and time since the last fire (fine fuels) of
neighboring cells within 2 standard deviations or 60 m of the focal cell.

Lastly, the final Fuel Load Index (F) of the focal cell was computed as the average of the coarse and fine
Fuel Load indices and then normalized (by dividing by the maximum theoretical value) to range from 0-100.
The index was 0 when all cells within ~90 m of the focal cell had breast height age equal to 0 years and time
since last fire equal to 0 years, and approached 100 when the entire neighborhood was comprised of cells
with breast height age > 100 years and time since last fire > 30 years.

Resistance - Resistance to high mortality fire (i.e., the ability to survive burning) for any given cell in any
given time step was modeled as a negative exponential fuction of vegetation breast height Age (yrs), such
that the rate of exponential decline with age decreased with fire intensity, as follows and as shown for Sierra
Mixed Conifer in Figure 15:

rjt = b5 + b6Iit

Mit = b4e(ritAit)

where: b4 - b6 = user-specified parameters that could vary among cover types (see below); Iit = Fire Intensity
Index of the ith cell in the tth time step (as defined above); rit = rate of exponential decline in the probability
of high mortality with vegetation age; Ait = vegetation breast height Age (yrs) of the ith cell in the tth time
step; and Mit = probability of high mortality after burning of the ith cell in the tth time step.
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Figure 15. Probability of high mortality (i.e., death of overstory vegetation) in a cell after burning as
negative exponential function of vegetation breast height Age (yrs) and fire intensity (see text for details),
shown here for the Sierra Mixed Conifer forest cover type. Probability of high mortality decreased with
increasing vegetation Age, but the rate of exponential decline decreased (i.e.,shallower slope) with increasing
fire intensity, such that for any given Age the probability of high mortality increased with increasing fire
intensity.

Given this function, the final wildfire Mortaility Index was on the probability scale (0-1) such that a value
of 0 resulted in a low mortality response to fire, and as the value increased to 1 the probability of a high
mortaility response (i.e., complete overstory mortality) increased accordingly.

We used expert opinion to specify the initial beta coefficients for each cover type, but these were subsequently
modified as necessary during model calibration (see Model Calibration and Appendix B). We held b4
constant at 1 across all cover types so that the probability of high mortality would be always be 1 when the
vegetation Age was 0. We varied the b5 and b6 coefficients among cover types to reflect differences in reported
historical mean fire return intervals and high mortality rates among cover types (see Model Calibration) -
increasing or decreasing the rate of exponential decline in high mortality with increaseing vegetation Age
as a function of fire intensity to reflect differences among cover types in their propensity for high mortality
following fire of any give intensity. Note, there was no empirical basis for assigning these coefficients to
each cover type, so we used these coefficients as calibration parameters (see Model Calibation), increasing or
decreasing them as necessary to achieve the target high mortaility rates that we assigned to each cover type.
As an example, the probability of high mortality wildfire for Sierra Mixed Conifer (SMC) forest is depicted
in Figure 15. Note that the probability of high mortality following fire was 1 when the vegetation Age
(yrs) was 0 and then decreased rapidly with increasing vegetation Age, reflecting the increasing resistance
to fire as trees age. Also note that for very young cells fire intensity had almost no effect on the probability
of high mortality, and that the effect of fire intensity was greatest during the early to mid seral stages of
successional development.
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Wildfire Disturbance Transitions

Following each wildfire disturbance event, each cell that suffered a high mortality response (i.e., death of
all overstory vegetation) immediately transitioned to the Open vegetation state. Forested cells remained
in the Open state until successful tree regeneration occurred as part of forest succession, and shrubland
cells immediately began regrowth via sprouting as part of shrubland succession (see below). Each cell that
suffered a low mortality response remained in its current developmental stage.

Succession Climate

The climate conditions affecting succession during each time step of the simulation were governed by a
global parameter that operated across all cover types within a single time step; thus, a single Climate Index
coefficient was assigned to each time step. The climate Index was incorporated into the probability of tree
regeneration function, as described below.
Like the Climate Index for wildfire disturbance, the Climate Index for succession was based on the inverted
5-year average Palmer Modified Drought Severity Index (PMDI), as described above. The only difference
was that for the Succession climate Index we did not shift and rescale the index as it was not necessary to do
so given how we used it in the functions below. Thus, positive values still represented drier conditions and
negative values represented wetter conditions, but the range of values was greater and reflecting the original
PMDI values. The final Succession Climate Index trajectory represented a vector of 500 coefficients, one for
each 5-year time step of the simulation (Figure 16).

Figure 16. Succession Climate Index trajectory corresponding to 500 5-year time steps in the simulation. The
Climate Index was based on the inverted 5-year averaged, inverse-distance weighted mean Palmer Modified
Drought Severity Index (PMDI) for the sample point locations within the north Sierran ecoregion (based on
CalVeg Mapping zones). Note, here we inverted PMDI so that positive values represented drier conditions
and negative values represented wetter conditions (see text for details).
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Succession Transitions

Succession transitions were modeled separately for shrublands and forests; all other cover types were treated
as non-seral and consisted of a single state that remained constant over the duration of the simulation.

Shrublands

Shrubland succession was modeled probabilistically as Logistic function of Developmental Stage Age (years)
and Site Index. Following high-mortality disturbance, shrublands transitioned immediately to the Early-
shrub Developmental Stage (and Vegetation State) and intiated secondary succession. Transitions to subse-
quent Developmental Stages or Vegetation States was determined as follows:

Pit = 1
1 + e−(b0+b1Ait+b2Si)

where: b0 - b2 were user-specified Logistic parameters that could vary among state transitions and among
shrubland cover types; Ait = Developmental Stage Age of the ith cell in the tth time step; Si = Site Index of
the ith cell; and Pit = probability of Developmental Stage transition of the ith cell in the tth time step.

The Upper Yuba River watershed contained two shrubland cover types: Big Sagebrush and Chaparral. We
used expert opinion guided by the corresponding LandFire Biophysical Setting (BPS) models to parame-
terize Logistic functions for each transition for each cover tpye. For example, the Early-shrub to Mid-shrub
transition for Chaparral was as shown in Figure 24.

Figure 24. Probability of vegetation succession transition from the Early-shrub Developmental Stage (or
Vegetation State) to the Mid-shrub Developmental Stage (or Vegetation Stage) for Chaparral shrublands as
a function of Developmental Stage Age (years) and Site Index (SI). Note, Developmental Stage Age is equal
to the number of years since transitioning to the current stage.
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The Mid-shrub to Late-shrub transition for Chaparral was as shown in Figure 25. Note, Developmental
Stage Age represents the number of years since transitioning to the current stage, which is the Mid-shrub
stage in this case.

Figure 25. Probability of vegetation succession transition from the Mid-shrub Developmental Stage (or
Vegetation State) to the Late-shrub Developmental Stage (or Vegetation Stage) for Chaparral shrublands as
a function of Developmental Stage Age (years) and Site Index (SI). Note, Developmental Stage Age is equal
to the number of years since transitioning to the current stage.

Note, shrublands in the Late-shrub stage remained in that stage indefinitely until the next high-mortality
wildfire disturbance.

Forests

Forest succession was modeled in three stages: 1) tree establishment, 2) tree growth, and 3) state transitions.
However, for organizational purposes it is convenient to describe forest sucession has having seven steps, as
follows:

1. Tree establishment: First, we modeled the probability of successful tree regeneration (defined as achiev-
ing breast height or 4.5 ft tall and 1 inch diameter at breast height) in an unoccupied forested cell.

2. Tree Height Growth: Following tree establishment, we modeled continuous tree height growth over
time.

3. Tree Diameter Growth: Following tree establishment, we also modeled continuous tree diameter at
breast height (dbh) over time.
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4. Quadratic Mean Diameter: Following tree growth at the cell level, we computed the quadratic mean
diameter (QMD) of established trees within a 40-m radius window centered on each forested cell.

5. Tree Cover: Following tree growth at the cell level, we also computed the percent established tree cover
within a 40-m radius window centered on each forested cell.

6. Senescence: Following tree establishment, we also modeled the probability of senescence and tree death
over time.

7. Vegetation States: Lastly, we classified cells into several discrete States, including: 1) Developmental
Stage based on tree height bins, 2) Size Class based on QMD bins, and 3) Tree Cover Class based on
percent tree cover bins.

Tree Establishment

Tree establishment in an unoccupied forested cell (i.e., a cell in the Open Developmental Stage or Vegetation
State) was modeled probabilistically as a Logistic function of Burn Severity, number of years post-fire, Mesic
Index, Seed Proximity Index and Climate Index as follows:

Pit = 1
1 + e−(b0+b1Bit+b2Yit+b3Mi+b4Xit+b5Ct)

where: b0 - b5 were estimated Logistic parameters that could vary among forest cover types; Bit = burn
severity of the ith cell in the tth time step, which is always equal to 1 (high mortality) in this application;
Yit = number of years post-fire of the ith cell in the tth time step; Mi = Mesic Index of the ith cell; Xit =
Seed Proximity Index of the ith cell in the tth time step; Ct = Climate Index in the tth time step; and Pit
= probability of successful tree establishment in the ith cell in the tth time step.

The choice of this “regen” function and the covariates was based largely on the work of Shive et al (2018),
with modifications. We estimated the Logistic parameters of the regen function (except for the Climate
Index, see below) based on the empirical data used in Shive et al (2018). Specifically, we limited the plot
data analyzed by Shive et al (2018) to the fires occuring primarily in the north Sierra ecoregion, as shown
in Figure 17.
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Figure 17. Tree regeneration plot locations from the Shive et al (2018) study on post-fire forest regeneration
used in this project, shown in relation to the north Sierra ecoregion, the Upper Yuba River watershed project
area, and the Hydrologic Unit Code (HUC) 8-level watersheds that intersected the regeneration plots or the
north Sierra ecoregion.

This included the following fires:

Fire Fire Year
PENDOLA 1999
SHOWERS 2002
POWER 2004
FREDS 2004
STRAYLOR 2004
HARDING 2005
BASSETTS 2006
RALSTON 2006
ANTELOPE 2007
MOONLIGHT 2007
CUB 2008
AMERICAN RIVER 2008
RICH 2008

This resulted in a set of 1,022 60-m2 plots that ranged in elevation from 1,000-2,300 m. It is worth noting
that there were no observations of sites > 2,300 m in elevation; therefore, the fitted relationships may not
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predict regeneration accurately at the highest elevations where upper montane forests (e.g., red fir, lodgepole
pine, and subalpine conifer) predominate. Indeed, given the often harse microclimate conditions at these
higher elevations it is quite possible that the fitted relationships may be over-predicting regeneration rates at
these higher elevations. Unfortunately, no empirical data from these higher elevations exists at this time, nor
is there consistent “expert” opinion on how to model regneration at these sites in the absence of empirical
data. Thus, for current application we are compelled to use the fitted relationships at these higher elevation
sites and simply acknowledge the potential bias.

For each plot, we extracted the binary regeneration value (CONbnJP) from the Shive et al (2018) dataset as
provided, in which the response was measured as either 0 (no conifer regeneration) or 1 (successful conifer
regeneration). We derived values for the first four covariates in the Logistic function above, as follows:

• Burn Severity - We extracted the burn severity value (IA_Filt) from the Shive et al (2018) dataset
as provided, which was based on the Initial Assessment (IA) of burn severity immediately post-fire.
As described by Shive et al (2018), burn severity (IA_Filt) was generated from 30 m pixel Landsat
imagery, using the Relativized differenced Normalized Burn Ratio (RdNBR; Miller and Thode 2007).
RdNBR was derived by calculating the Normalized Burn Ratio (NBR) that is sensitive to chlorophyll
and moisture (using the near- and mid-infrared, Landsat bands 4 and 7) for both pre- and postfire
imagery, which were then differenced (dNBR) and relativized (RdNBR) to account for variation in
prefire cover. Based on the threshold value of 700 reported by Shive et al (2018), we transformed burn
severity (IA_Filt) to a binary variable (< 700 = 0 or low severity, ≥ 700 = 1 or high severity) to align
with how we treated burn severity in LDSim.

• Years Post-Fire - We extracted the number of years post-fire (yrsPost) from the Shive et al (2018)
dataset as provided, which ranged from 3 to 12 years.

• Mesic Index - We extracted the value of our Mesic Index layer, which was derived as the average of five
variables: Annual Precipitation, Topographic Wetness Index, Heat Load Index, Water Balance Deficit,
and Available Water Storage (see Appendix A for details). Note, for consistency with our LDSim
model structure and for simplicity, we substituted our Mesic Index variable for the suite of variables
associated with site productivity analyzed by Shive et al (2018), which included Aspect, Slope, Actual
Evapotranspiration, Annual Precipitation, Climatic Water Deficit and Snow water Equivalent.

• Seed Proximity Index - We extracted the value of the Gaussian kernel-based seed availability proxy
(SAP) for the 150-m kernel bandwidth (A6_SP_1) from the Shive et al (2018) dataset as provided,
rescaled this index to range 0-100 (for consistency with our Seed Proximity Index described below),
and used this rescaled value for estimating the model parameters (see below). For consistency with
our LDSim model structure and for simplicity, we substituted our own Seed Proximity Index variable
for the Shive et al (2018) SAP variable, which were conceptually similar.
Briefly, our Seed Proximity Index layer was derived by computing the Gaussian kernel intensity of
mature trees in the ecological neighborhood of the focal cell, as follows. First, a Gaussian kernel was
placed over each neighboring cell within 180 m (591 ft) of the focal cell. The height of the Gaussian
kernel was based on a Logistic function of tree breast height Age (as a proxy for seed production), as
follows and as shown in Figure 18:

Wjt = 1
e((−Ajt+50)/10) + 1

where: Ajt = breast height Age (yrs) of the jth neighboring cell in the tth time step; and Wjt = Weight
assigned to the jth neighboring cell in the tth time step.
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Figure 18. Cell weight as a Logistic function of Age as used in the Seed Proximity Index function.
Note, cell weight represents the weight of each cell in the Gaussian kernel intensity of seed production
in the ecological neighborhood of the focal cell.
Thus, a tree < 20 years in breast height Age had almost no weight, but once a tree reached 100 years
of breast height Age it was assigned the maximum weight (i.e., full seed production). The standard
deviation (bandwidth) of the Gaussian kernel was based on its estimated tree height, which was a
function of Cover type, breast height Age and Site Index as described in Appendix A for the Age
layer. Thus, a tree 30.5 m (100 ft) tall had a bandwidth of 30.5 m, which resulted in 95% of its seed
dispersing within 2 standard deviations or 61 m (200 ft) and > 99% of its seed dispersing within 3
standard deviations or 91.5 m (300 ft). Essentially, seed dispersal occurred up to a maximum of 3 tree
heights from the cell. Lastly, the Gaussian kernels were summed across all neighboring cells and the
value at the focal cell was divided by the maximum theoretical value. Thus, the final index ranged
from 0-100. It was 0 when there we no trees of seed-bearing age within a distance of roughly 180 m
(591 ft) and approached 100 when the entire neighborhood was comprised of trees > 100 years and
reaching maximum tree heights on the highest Site Index.

The final dataset consisted of 1,022 observations. We analyzed the data using a Generalized Linear Mixed
Effects (GLMM) model with a Binomial error and Logit link. The response variable was binary pres-
ence/absence of conifer regeneration. The four covariates described above were treated as independent
covariates and had the distributions shown in Figure 19. Fire as a categorical factor was included as ran-
dom effect to account for variation among individual fires. We fit the model using the R glmer() function in
the lme4 package. Note, the dataset was not sufficient to allow us to model regeneration separately for each
forest cover type, nor did Shive et al (2018) account for the variation among cover types, so we fit a single
global model and applied it to all forest cover types.
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Figure 19. Distribution of the four predictors across 1,022 plots from Shive et al (2018) used to model the
probability of tree regeneration in an unoccupied forest cell.

The fited model resulted in a probability of successful regeneration to breast height for any combination of
values of the four covariates in the model. Unfortunately, There was no simple empirical way to incorporate
climate into the Logistic Regression model. In part, this was because we had no way of knowing in which
years after the fire regeneration of conifer trees occurred so that we could associate it with the climate of
that year; all we knew was that regeneration had occurred by the time of the sampling, which was anywhere
between 3-12 years after the fire. Thus, we added the Climate Index variable to the Logistic model post-hoc
and subjectively assigned a beta coefficient such that the probability of regeneration due to the Climate
Index roughly matched the variability observed among fires due to the random Fire effect.

The final model included five covariates. As such, there is no single figure that can display the fitted
relationships, noting that burn severity was effectively a constant in the model (i.e., we applied the model
only cells having experienced a high-mortality wildfire) and thus can be excluded from consideration here.
Instead, the following figures display the relationship between three of the predictors and the probability
of regeneration holding the fourth predictor constant at either its maximum or minimum value in order to
show the range of results. The first figure Figure 20 depicts the relationships for Years Post-Fire, Mesic
Index, and Climate Index while holding Seed Proximity Index constant at its maximum value.
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Figure 20. Probability of successful tree regeneration to breast height as a function of the number of years
post fire (shown in the facets from 0 to 100 years), Site Index (x-axis), and succession Climate Index (colored
lines shown for the minimum, mean and maximum values) when the Seed Proximity Index is maximum.

The next figure Figure 21 depicts the relationships for Years Post-Fire, Mesic Index, and Climate Index
while holding Seed Proximity Index constant at its minimum value.
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Figure 21. Probability of successful tree regeneration to breast height as a function of the number of years
post fire (shown in the facets from 0 to 100 years), Site Index (x-axis), and succession Climate Index (colored
lines shown for the minimum, mean and maximum values) when the Seed Proximity Index is minimum.

The next figure Figure 22 depicts the relationships for Years Post-Fire, Mesic Index, and Seed Proximity
Index while holding Climate Index constant at its maximum (i.e., driest) value.
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Figure 22. Probability of successful tree regeneration to breast height as a function of the number of years
post fire (shown in the facets from 0 to 100 years), Site Index (x-axis), and Seed Proximity Index (colored
lines shown for the minimum, mean and maximum values) when the succession Climate Index is maximum
(i.e., wettest).

The last figure Figure 23 depicts the relationships for Years Post-Fire, Mesic Index, and Seed Proximity
Index while holding Climate Index constant at its minimum (i.e., wettest) value.
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Figure 23. Probability of successful tree regeneration to breast height as a function of the number of years
post fire (shown in the facets from 0 to 100 years), Site Index (x-axis), and Seed Proximity Index (colored
lines shown for the minimum, mean and maximum values) when the succession Climate Index is minimum
(i.e., driest).

The final set of Logistic model parameters (beta coefficients) for the probability of tree regeneration function
were as follows, noting that in the LDSM application the Burn Severity (burnSev) variable was always equal
to 1 reflecting the fact that the cell had experienced high mortality from wildfire (and thus was in the Open
Developmental Stage or Vegetation State):

Parameter Beta coefficient
intercept -0.8641694
burnSeverity -0.5973489
yrsPost -0.0686154
mesicIndex 0.0250102
seedProximity 0.0262311
climate -2.5000000

Tree Height Growth

Following tree establishment in a forested cell, we modeled continuous tree height growth over time in the
absence of a high-mortality disturbance as a function of breast height Age and Site Index. To establish the
tree height growth function, we used FIA plot data from within the north Sierra ecoregion, consisting of 574
plots uniformly distributed across the ecoregion containing 21,164 trees with breast height age (yrs) and tree
height (ft) data recorded. For modeling purposes, we converted breast height age to total tree age by adding
7 years to breast height age for non-mafic sites and 10 years for ultramafic sites. We recognized that many
other local factors such as tree species and tree spacing affect real-world tree height growth, and thus using
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total tree Age and Site Index alone provided only an approximation of expected tree height, but we deemed
this sufficient for the purposes of this model application.

After evaluating several alternative functions and estimators, we used Non-Linear Least Squares (NLS)
estimation to fit the following Monomolecular function to closely approximate the site index curves used in
the Forest Vegetation Simulator (FVS) based on Dunning and Reineke (1933), Dunning (1942), Dolph (1987
and 1991), and Long and Shaw (2012).

Hit = (b0 + b3SIi)(1− e−b2T Ait)

where: b0 - b2 were estimated parameters; SIi = site index of the ith cell; TAit = total tree age of the ith

cell in the tth time step; and Hit = predicted tree height (ft) of the ith cell in the tth time step;.

Note, in the function above we substituted our custom Site Index variable (as described below) for the
conventional site index used in the references cited above because we were able to derive the former from
several geospatial layers that we developed for the project area (see Appendix A), whereas the latter
required age and height data for every location (which was not available in this application).

We developed our custom Site Index variable based on several geospatial layers that we developed for
the project area that represented variables known to affect site productivity. Specifically, we developed
two separate site productivity indices representing two major factors affecting site productivity and then
combined them into a single composite site index for use in the function above, as follows:

First, we developed a site index based on moisture availability, which we termed the Mesic Index, because
moisture limitation is likely the principal driver of tree establishment and growth across much of the land-
scape. We derived the Mesic Index by combining the following variables, each of which either directly or
indirectly affects the availability of moisture at a site:

• Precipitation
• Topographic Wetness Index
• Heat Load Index
• Water Balance Deficit
• Available Water Storage

Each of these variables are described briefly in Table 1 and in more detail in Appendix A. Briefly, we
standardized each of these variables based on benchmarks derived from the north Sierra ecoregion, computed
the average standardized value, and standardized the result based on similar ecoregional benchmarks to serve
as the Mesic Index.

Next, we developed a site index based on light and heat energy input, which we termed the Energy Index,
because energy limitation is likely a contributing driver of tree growth in the higher-elevation upper montane
forests of the region. We derived the Energy Index by combining the following variables, each of which directly
affects the availabilty of energy at a site:

• Growing Degree Days
• Heat Load Index

Again, each of these variables are described briefly in Table 1 and in more detail inAppendix A. Briefly, we
standardized each of these variables based on benchmarks derived from the north Sierra ecoregion, computed
the average standardized value, and standardized the result based on similar ecoregional benchmarks to
serve as the EnergyIndex. It is worth noting that the Head Load Index, as a measure of direct incident
solar radiation, was included in both the Mesic Index and the Energy Index because the magnitude of direct
incident solar radiation at a site indirectly affects moisture availability on the one hand (i.e., site with more
solar radiation exhibit higher rates of evapotranspiration and thus greater moisture limitation) and on the
other hand is a direct measure of light and heat energy available at a site.
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We recognized that both moisture and energy limitation potentially play a role in tree height growth (as
well as tree establishment), but that the relative importance of these two factors likely varies with elevation
in the montane forests of the northern Sierras. At lower elevations moisture limitation likely predominates,
but at higher elevations energy limitation likely becomes more important. Indeed, it is common to concep-
tualize forested sytems as either moisture-limited or energy-limited, and it is commonly understood that
lower-montane systems are best characterized as moisture-limited and that upper-montane systems are best
characterized as energy-limited. We sought to account for the varying importance of these two factors along
the elevational gradient. Moreoever, we hypothesized that this relationship might differ between westside
and eastside forests, owing to major orographic effects of the high Sierra crest that may not be fully captured
in the geospatial variables at our disposal (i.e., those listed above).

Lastly, we combined the Moisture and Energy Indices into a composite Site Index by taking a weighted
average of the two component indices, such that the relative weights varied with elevation, and we did so
separately for westside and eastside forests. To determine the relative weighting as a function of elevation
we fit the above Monomolecular function, but substituting for Site Index (SI) a weighted combination of
the Mesic and Energy Indices such that the relative weights varied with elevation according to the following
weighted Logistic function:

SIi = ( 1
1 + e−(b0+b1Ei) )EIi + (1− ( 1

1 + e−(b0+b1Ei) )MIi)

where: b0 and b1 were estimated Logistic parameters; Ei = elevation (m) of the ith cell; EIi = Energy Index
of the ith cell; MIi = Mesic Index of the ith cell; and SIi = Site Index of the ith.

Note, this weighted Logistic function was substituted in the Monomolecular function above for the Site
Index variable (SI) and the Logistic parameters b0 and b1 were estimated along with the Monomolecular
parameters a, b and c simulataneously via NLS. The estimated Logistic parameters supported a gradual
decrease in the relative weight of the Mesic Index and gradual increase in the relative weight of the Energy
Index for westside forests, as depicted in Figure 26, which also depicts a Generalized Linear Model (GLM)
fit of red fir forest presence along the same elevational gradient.
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Figure 26. Relative component weights of the Mesic and Energy Indices as a function of Elevation in the
composite Site Index to predict tree Height (ft) as a function of total tree Age (yrs) and Site Index for sites
on the westside of the northern Sierras, based on the fit of a Nonlinear Least Squares (NLS) model to Forest
Inventory and Analysis (FIA) data (see text for details). Note, total tree Age equaled breast height Age
plus 7 years. Also shown is the distribution of FIA tree data along the elevation gradient and the fit of a
Generalized Linear Model (GLM) of red fir presence.

The estimated Logistic parameters supported an abrupt change in the relative weights of the Mesic and
Energy Indices between 2,000-2,500 m in elevation for eastside forests, as depicted in Figure 27, which also
depicts a Generalize Linear Model (GLM) fit of red fir forest presence along the same elevational gradient.

Figure 27. Relative component weights of the Mesic and Energy Indices as a function of Elevation in the
composite Site Index to predict tree Height (ft) as a function of total tree Age (yrs) and Site Index for sites
on the eastside of the northern Sierras, based on the fit of a Nonlinear Least Squares (NLS) model to Forest
Inventory and Analysis (FIA) data (see text for details). Note, total tree Age equaled breast height Age
plus 7 years. Also shown is the distribution of FIA tree data along the elevation gradient and the fit of a
Generalized Linear Model (GLM) of red fir presence.

In addition to expected or average tree height growth for a given Site Index, we were also interested in
accounting for the deviations from expected; i.e., trees/sites that grow better or worse than the average for
their Site Index. For this purpose, we used Non-Linear Quantile Regression (NLQR) estimation to fit the
Monomolecular function above, but with the newly derived composite Site Index, to a range of quantiles
(also referred to a Tau in NLQR). Specifically, we fit the Monomolecular function to Tau values ranging from
0.01-0.99 at intervals of 0.01. A Tau of 0.01 fits the model to the data but weights observations such that
it estimates the fit that best describes the 1st percentile of data; i.e., the observations that fall well below
the expected or average for a given Age and Site Index. Similarly, a Tau of 0.99 estimates the fit that best
describes the 99th percentile of data; i.e., the observations that fall well above the expected or average for
a given Age and Site Index. Each Tau value produced a unique set of estimates for the parameters of the
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Monomolecular function, and thus produced a site index curve that varied slightly in shape as the Tau value
increased. The result was a set of polymorphic site index curves that captured the full range of the observed
height growth relationships. In addition, after preliminary analyses we opted to model trees on non-mafic
sites separately from ultramafic sites. The bulk of the data were from non-mafic sites, which included 561
plots and 20,678 trees. The results are depicted in Figure 28, which for simplicity only shows site index
curves for the minimum, mean and maximum Site Index values in the FIA data and Tau values of 0.05 and
0.95 for each.

Figure 28. Expected or average tree Height (ft) as a nonlinear function of total tree Age (yrs) and Site Index
for non-mafic forest cover types estimated from 20,678 trees on 561 Forest Inventory and Analysis (FIA)
plots distributed across the north Sierra ecoregion. Note, total tree Age equaled breast height Age plus 7
years.

A minority of the data were from ultramafic sites, which included only 13 plots and 486 trees. We fit the
model above to the ultramafic data set but decided that the data was not robust enough to ensure confidence
in the reliability of the fit. Instead, we assessed the average difference between non-mafic and ultramafic
sites in predicted height for trees of the same Age and Site Index and determined that trees on ultramafic
sites had height growth reduced by ~5-15% depending on Age and Site Index. Consequently, for the purpose
of modeling height growth in LDSim we used the fitted growth equations for non-mafic sites but reduced
the height by 15% across all Ages and Site Indices.

To implement the fitted polymorphic site index curves in LDSim we needed a mechanism to determine
whether a given cell exhibited tree height growth based on the expected or average for its Site Index or
instead exhibited tree height growth less than or greater than expected based on the variation we modelded
with NLQR. To do this, first we fit a normal distribution to the residuals of the fitted Monomolecular
function above. Each residual represented the deviation of the observed tree height from the expected or
average tree height given the tree’s total Age and Site Index. We rescaled the residuals to range 0-1 prior to
fitting a normal distribution, and saved the estimated standard deviation to quantify the spread of observed
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tree heights (i.e., variation) around the expected or average value. In effect, the standard deviation provided
a quantitative measure of the “noise” or uncertainty in the fitted site index curve as depicted in Figure
28 by the 5-95th quantiles (i.e., Tau = 0.05-0.95). The residual distribution was approximately normally
distributed with a mean of 0.49 and standard deviation (SD) of 0.12, as depicted in Figure 29

Figure 29. Standardized residuals of the fit of tree Height (ft) as a nonlinear function of total tree Age
(yrs) and Site Index for non-mafic forest cover types estimated from 20,678 trees on 561 Forest Inventory
and Analysis (FIA) plots distributed across the north Sierra ecoregion. The residuals represent the observed
deviation from the expected or average tree Height given the total tree Age and Site Index.

Lastly, we assigned a Tau value to each cell that determined site index curve applied to each cell for the
duration of the simulation. The assigned Tau value determined whether each cell adopted a site index curve
above or below the average for the cell’s Site Index. For example, a cell assigned a Tau of 0.5 would realize
the expected or average site index curve for that cell’s Site Index, whereas a cell assigned a Tau of say 0.9
would realize a site index curve much higher than the expected or average for that cell’s Site Index. For this
purpose, we opted not to randomly assign a Tau value to each cell as this would not preserve the observed
spatial autocorrelation in tree height growth. Instead, we surmised that the spatial autocorrelation in tree
height growth was likely driven by the spatial autocorrelation in underlying physical site conditions (e.g.,
terrain). Exploratory analyses indicated that tree height growth was weakly related to topographic position
and aspect. Consequently, modeled Tau as a Logistic function of Topographic Position Index (TPI) and a
linear transformation of Aspect along a northeast-southwest axis, as follows:

Taui = 1
1 + e−(b1Ti+b2Ai)

where: b1 and b2 were assigned Logistic parameters; Ti = TPI of the ith cell; Ai = linear transformation of
Aspect of the ith cell; and Taui = Tau Index of the ith.

Note, there was no empirical data from which to estimate the Logistic parameters so we assigned them
manually, giving equal weight to the two predictors. Specifically, we assigned b1 = -0.05 and b2 = 0.05 to
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reflect a negative relationship between height growth and TPI (i.e., decreasing height growth with increasing
topographic position) and a postive relationship between height growth and linear aspect (i.e., increasing
height growth on northeasterly aspects), respectively. Note, the absolute value of the parameters had no
effect on the final result given the normal transformation described below, so all that mattered was that we
gave equal weight to both predictors.

We derived the value of Tau for each cell based on the Logistic function above. However, the realized
distribution of Tau values for the landscape did not have the target distribution based on the residual
analysis described above. Therefore, we transformed the Tau distribution into a Normal distribution with a
mean and standard deviation equal to that of the residual distribution described above, as shown in Figure
30.

Figure 30. Distribution of Tau Index values in the Upper Yuba River watershed project area, and a fitted
Guassian or Normal distribution with a mean = 0.5 and standard deviation (SD) = 0.13.

To evaluate this procedure as a means of representing the range of height growth relationships observed in
the FIA data, we constructed a simulation as follows. First, we used the distribution of Site Index values in
the FIA data set as representative of what we would be realized in the Yuba project area in LDSIm, which
is depicted in Figure 31
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Figure 31. Distribution of Site Index values for 20,678 trees on 561 Forest Inventory and Analysis (FIA)
plots distributed across the north Sierra ecoregion.

Next, we randomly assigned a Tau value to each of the 20,678 trees based on the distribution of residuals
from the fitted growth equation (Figure 29).

Next, we used the polymorphic site index curves to predict the height growth of each tree based on its
Site Index and assigned Tau over a period 0-500 years. Thus, each tree exhibited a simulated height growth
trajectory, and the collection of height growth trajectories represented the distribution of tractories we would
expect in the LDSim application. We summarized the simulated trajectories by computing select quantiles
of the simulated distribution for each year and plotted the result in Figure 32:
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Figure 32. Simulated tree Height (ft) as a nonlinear function of total tree Age (yrs) and Site Index for
non-mafic forest cover types estimated from 20,678 trees on 561 Forest Inventory and Analysis (FIA) plots
distributed across the north Sierra ecoregion. Note, total tree Age equaled breast height Age plus 7 years.

As is evident in the figure, the simulated distribution of site index curves captured the distribution of FIA
data well. We concluded that our implementation of tree height growth trajectories was effective in capturing
the range of variation observed in the FIA data set.

Tree Diameter Growth

Following tree establishment in a forested cell, we also modeled continuous tree diameter growth over time in
the absence of a high-mortality disturbance as a function of tree height and cover type. To establish the tree
diameter growth function, we used the same FIA plot data from within the north Sierra ecoregion as before,
consisting of 574 plots containing 21,164 trees with tree height (ft) and diameter at breast height (DBH)(in)
data recorded. We recognized that many other local factors such as tree species and tree spacing affect real-
world tree diameter growth, and thus using tree height and cover type alone provided only an approximation
of expected tree diameter, but we deemed this sufficient for the purposes of this model application.

After preliminary inspection of the data, we used Ordinary Least Squares (OLS) estimation to fit the following
no-intercept simple linear regression model separately for each major cover type:

Dit = b0[k]Hit

where: b0[k] was an estimated slope parameter representing the rate at which tree diameter increased per
unit increase in tree height for the kth cover type; Hit = tree height (ft) the ith cell in the tth times tesp; and
Dit = tree diameter (in) of the ith cell in the tth time step.

The fitted equations gave the predicted tree diameter for any given tree height and cover type, as depicted
in Figure 33:
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Figure 33. Expected or average tree Diameter at breast height (in) as a function of tree Height (ft) and
Cover type for several major cover types estimated from 21,164 trees on 574 Forest Inventory and Analysis
(FIA) plots distributed across the north Sierra ecoregion. Note, total tree Age equaled breast height Age
plus 7 years.

In addition to expected or average tree diameter growth for a given tree height and cover type, we were
also interested in accounting for the deviations from expected; i.e., trees that grow better or worse than the
average for their height and cover type. For this purpose, we used Quantile Regression (QR) estimation
to fit quadratic polynomial functions to a range of quantiles (also referred to a Tau in QR) separately for
each cover type. Specifically, we fit the following quadratic polynomial function to Tau values ranging from
0.01-0.99 at intervals of 0.01:

Dit = b0[k]Hit + b1[k]H
2
it

where: b0[k] and b0[k] were estimated slope parameters representing the rate at which tree diameter increased
nonlinearly per unit increase in tree height for the kth cover type; Hit = tree height (ft) the ith cell in the
tth times step; and Dit = tree diameter (in) of the ith cell in the tth time step.

Recall, a Tau of 0.01 fits the model to the data but weights observations such that it estimates the fit that
best describes the 1st percentile of data; i.e., the observations that fall well below the expected or average for
a given Age and Site Index. Similarly, a Tau of 0.99 estimates the fit that best describes the 99th percentile
of data; i.e., the observations that fall well above the expected or average for a given Age and Site Index.
Each Tau value produced a unique set of estimates for the parameters of the quadratic polynomial function,
and thus produced curves that varied slightly in shape as the Tau value increased. The result was a set of
polymorphic curves that captured the full range of the observed diameter growth relationships. For example,
the fitted growth curves for the 1st, 50th and 99ˆth percentiles for the Sierra Mixed Conifer forest cover type
is depicted in Figure 34.
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Figure 34. Predicted tree Diameter at breast height (in) as a function of tree Height (ft) for Sierra Mixed
Conifer forest estimated from 16,029 trees on 394 Forest Inventory and Analysis (FIA) plots distributed
across the north Sierra ecoregion. Note, total tree Age equaled breast height Age plus 7 years.

To implement the fitted polymorphic diameter growth curves in LDSim we needed a mechanism to determine
whether a given cell exhibited tree diameter growth based on the expected or average for its tree height and
covert type or instead exhibited tree diameter growth less than or greater than the expected based on the
variation we modelded with QR. To do this, first we fit a normal distribution to the residuals of the fitted
simple linear regression model above pooled across cover types. Each residual represented the deviation of
the observed tree diameter from the expected or average tree diameter given the tree’s height and cover
type. We rescaled the pooled residuals to range 0-1 prior to fitting a normal distribution, and saved the
estimated standard deviation to quantify the spread of observed tree diameters (i.e., variation) around the
expected or average value. In effect, the standard deviation provided a quantitative measure of the “noise”
or uncertainty in the fitted diameter growth curves, for example as depicted in Figure 34 by the 1-99th

quantiles (i.e., Tau = 0.01-0.99). The pooled residual distribution was approximately normally distributed
with a mean of 0.5 and standard deviation (SD) of 0.16, as depicted in Figure 35
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Figure 35. Standardized residuals of the fit of tree Diameter (in) as a linear function of tree Height (ft) and
Cover type estimated from 21,164 trees on 574 Forest Inventory and Analysis (FIA) plots distributed across
the north Sierra ecoregion. The residuals represent the observed deviation from the expected or average tree
Diameter given the tree Height and Cover type.

Lastly, we randomly assigned a Tau value to each cell to indicate whether that cell would realize a diameter
growth curve above or below the average for the cell’s cover type. For example, a cell assigned a Tau of 0.5
would realize the expected or average tree diameter curve for that cell’s cover type, whereas a cell assigned
a Tau of say 0.9 would realize a diameter growth curve much higher than the expected or average for that
cell’s cover type. For this purpose, we opted to randomly assign a Tau value to each cell because we reasoned
that diameter growth was largely determined by the distance to neighboring trees at a very fine scale which
we could not relate to any spatial variable we could account for. Thus, we simply assigned a random Tau
value drawn from a normal distribution with a mean of 0.5 and a standard deviation equal to that observed
in the normalized residuals above (i.e., 0.16) to each cell, ensuring that the random Tau values fell within
the range 0.01-0.99 corresponding to the range of Tau values fitted with QR, and the assigned Tau value was
held constant for the duration of the simulation to ensure that diameter growth over time followed a single
fitted curve.

Quadratic Mean Diameter

Following tree diameter growth at the cell level, we computed the quadratic mean diameter (QMD) of
established trees within a 40-m radius window centered on each forested cell. QMD was computed as
follows:

Qit =

√∑
d2

ijk

nit

where: dijkˆ2 = diameter at breast height of the kth cell with an established tree within the window of the
ith cell in the tˆth time step; nit = number of cells with an established tree within the window of the ith cell
in the tth time step; and Qit = QMD (in) of the ith cell in the tth time step. Note, QMD was computed for
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all forested cells regardless of whether the focal cell had an established tree or not; thus, it was a measure of
the neighborhood QMD centered on the forested focal cell. All non-forest cells were assigned a QMD of 0.

Tree Cover

Following tree height and diameter growth at the cell level, we computed the percent established tree cover
within a 40-m radius window centered on each forested cell. Tree cover was computed as follows:

Tit =
∑

(I|sijk > 4|)∑
I|sijt|

∗ 100

where: I = indicator (i.e., 1 if condition met, 0 if not); sijk = developmental stage of the kth cell within the
window of the ith cell in the tˆth time step; and Tit = percent tree cover of the ith cell in the tth time step.
Note, the numerator on the right side of the equation is simply a count of the number of forested cells with
established trees (i.e., developmental stage > 4) within the window of the ith cell in the tth time step, and the
denomenator is a count of the number of forested cells; thus, the ratio times 100 represents the percentage of
the forested window with established trees. We interepreted this roughly as a proxy for percent tree cover,
even though we recognized that it was not a true measure of canopy cover. Technically, it was a measure
of the percent of the 5 m cells in the neighborhood with at least one established tree. Recognizing that
during early successional stages the percent canopy cover of a cell with an established tree was likely much
less than 100%, our percent tree cover estimate is likely much higher than percent canopy cover. Tree cover
was computed for all forested cells regardless of whether the focal cell had an established tree or not; thus,
it was a measure of the neighborhood percent tree cover centered on the forested focal cell. All non-forest
cells were assigned a percent tree cvoer of 0.

Senescence

Following tree establishment at the cell level, we modeled the probability of tree death via senescence based
on the cumulative Weibull Function, as shown in Figure 36
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Figure 36. Probability of tree senescence and death (solid line) and the corresponding probability of survival
to any given age (dashed line) at the cell, applied to all forest cover types.

The solid line depicts the instantaneous probability of tree death as a function of tree age and the dashed
line depicts the corresponding probability of tree survival to any given age. Note, we applied this common
senescence function to all forest cover types due to the lack of sufficient cover type-specific data on senescence.
The parameters of the senescence function were subjectively assigned to approximate the observed age
distribution of the FIA data set described above.

Vegetation States

The last stage of forest succession involved classifying cells into several discrete States, including: 1) Devel-
opmental Stages based on tree height bins, 2) Size Classes based on QMD bins, and 3) Tree Cover Classes
based on percent tree cover bins.

• Developmental Stage - We classified forested cells into the following Developmental Stages based on
user-specified thresholds in tree height, applying the same thresholds for all forest cover types, as
follows. Note, shrublands were assigned a Developmental Stage as described previously and all other
cover types were assigned a class of zero:

– Tree Height < 4.5 ft -> Open
– Tree Height 4.5 - 24 ft -> Sapling
– Tree Height 25 - 49 ft -> Pole
– Tree Height 50 - 74 ft -> Short-tree
– Tree Height 75 - 124 ft -> Medium-tree
– Tree Height ≥ 125 ft -> Tall-tree

• Tree Size Class - We classified forested cells into the following Tree Size Classes based on user-specified
thresholds in QMD within a 40-m radius neighborhood, applying the same thresholds for all forest
cover types, plus a zero class for all non-forest cells, as follows:

– QMD ≤ 1 in -> no trees or seedlings
– QMD 1.1 - 5.9 in -> Saplings
– QMD 6 - 10.9 in -> Poles
– QMD 11 - 23.9 in -> Small-trees
– QMD 24 - 29.9 in -> Medium-trees
– QMD ≥ 30 in -> Large-trees

• Tree Cover Class - We classified forested cells into the following Tree Cover Classes based on user-
specified thresholds in percent Tree Cover within a 40-m radius neighborhood, applying the same
thresholds for all forest cover types, plus a zero class for all non-forest cells, as follows:

– Tree Cover ≤ 10 % -> Isolated
– Tree Cover 10 - 24.9 % -> Sparse
– Tree Cover 25 - 39.9 % -> Scattered
– Tree Cover 40 - 59.9 % -> Clump
– Tree Cover ≥ 60 % -> Dense

MODEL CALIBRATION

Although LDSim is a process-oriented model with individual parameters sourced either from data, the
literature, or expert opinion, the model outcomes reflect the complex spatio-temporal interactions of the
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various stochastic disturbance and succession processes. Consequently, it is necessary to calibrate the model
by tuning (i.e., adjusting up or down) one or more of the model parameters to produce selected outcomes that
are consistent with the data, the literature and expert opinion. Importantly, in this context, we considered
the parameters associated with the disturbance process to be “independent” variables and the vegetation
conditions (e.g., seral stage distribution, spatial patterns of vegetation states, etc.) to be “dependent”
outcomes. We calibrated selected disturbance parameters (i.e., independent variables) to achieve the targeted
disturbance regime without any attention to the vegetation response, which we treated as the dependent
outcome of the disturbance regime.

We focused model calibration on the following five disturbance regime attributes that we considered emergent
properties of the disturbance regime:

1. Fire rotation period (FRP) by cover type, which is the number of years required to burn a cumulative
area equal to the extent of the cover type;

2. Fire mortality rate (FMR) by cover type, which is the percentage of burned cells of the corresponding
cover type that exhibit a high-mortality response (i.e., complete overstory mortality);

3. Fire size distribution, which is the percentage of realized fire sizes across bins of increasing fire size;

4. Variability in the total area burned over time; and

5. Strength of the relationship between total area burned and the wildfire climate index over time.

Importantly, these “emergent” attributes were quantitative aspects of the disturbance regime that arose (i.e.,
emerged) out of the complex spatio-temporal interactions of the stochastic processes in the model and were
not themselves dictated directly by model parameters. In other words, we had no means of ensuring specific
outcomes via model parameterization, but instead had the option to tune one or more parameters through
trial and error to achieve the desired outcomes. In addition, this was not a comprehensive suite of emergent
disturbance regime attributes, but rather represented those emergent aspects of the disturbance regime for
which we had some confidence that our targets accurately represented the historical reference period. In this
regard, however, not all of the chosen calibration metrics were deemed equal, as noted below. For example,
we had the most confidence in the FRP metrics by cover type, since this was strongly based on empirical
studies of the pre-settlement wildfire disturbance regime. Thus, we used this metric as our primary means
of calibrating the model. We had much less confidence in FMR by cover type during the historical reference
period as this relied more heavily on expert opinion. Similarly, the fire size distribution was only partially
emergent as it was more directly affected by the specified maximum fire size distribution parameters in
the model, although the final realized size distribution was affected by other factors as well. Lastly, the
variability in total area burned and relationship to the climate index were entirely empirically based, but the
data were derived from the post-settlement period of 1908-1979 from which we have an empirical record and
not the historical reference period of 1550-1850. Thus, each of the calibration metrics have to be interpreted
in the context of their reliability.

Fire Rotation Period

Fire Rotation Period (FRP) is the number of years required to burn a cumulative area equal to the extent
under consideration. FRP cover type combines fire frequency and fire size into a single integrated measure
of how much fire occurred. Regardless of whether there are more smaller fires or fewer larger fires, FRP
provides an effective measure of how much fire is actually applied to a unit of ground. FRP is equivalent
to the “point-specific” or “population” mean fire return interval (FRI); i.e., the average number of years
between fires to a single point on the ground (or cell), and is roughly equivalent to the oft reported “grand
mean” FRI computed from a large sample of point-specific intervals (e.g., from a set of fire-scarred trees).
Importantly, FRP is not equivalent to the oft reported “composite” FRI, which is computed based on the
average interval between fires to an area of some specified size larger than a single point or cell (e.g., a forest
stand). The FRP or point-specific FRI is generally much longer than the composite FRI, because the interval
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between fires to a single point is generally much greater than the interval between fires to anywhere within
an arbitrarily defined larger site. A major limitation with composite FRI is that the unit area is arbitrary
and varies considerably from one study to the next, making comparisons of published composite FRI very
difficult. In this report, we use FRP to describe the amount of fire applied to the landscape, in part because
it is unambiguous in meaning and well understood by managers, but also because the simulation modeling
gives us a complete census of simulated wildfires, which lends itself well to the calculation of FRP.

We tuned the global wildfire initiation rate parameter, which controlled the number of wildfire initiation
attempts per unit area within each time step and remained constant over time (see Wildfire Initiation
above), and two of the wildfire susceptibility coefficients (b0 and b1) for each cover type, which affected
the susceptibility of fire initiation and spread in each cover type (see Wildfire Susceptibility above), and
measured calibration success based on agreement with pre-specified target FRP for each cover type. We set
our calibration goal as within 10% of the target FRP for vegetated cover types with > 1,000 ha in the project
area. Target values were based on empirically-based published values (Van de Water and Safford 2011 and
Mallek et al. 2013) and expert input from H. Safford and B. Estes. Because of the strong empirical basis
for pre-settlement FRPs, we deemed FRPs the most reliable calibration metric and strived to achieve these
targets first and foremost even at the cost of not meeting the targets set for the other calibration metrics as
well.

We met our calibration target for all the cover types with > 1,000 ha in the project area, and met our target
for all but one of the less common cover types, as depicted in the following table:

Cover type Area
(ha)

Target
FRP

Simulated
FRP

%Deviation

Sierra Mixed Conifer 62221 26 28 8
Mixed Evergreen 27830 45 47 4
Yellow Pine 14920 20 22 10
Red Fir 9488 50 52 4
Chaparral 6495 55 50 -9
Oak-Conifer Forest and Woodland 6374 21 22 5
Sierra Mixed Conifer_Ultramafic 3164 60 62 3
Mixed Evergreen_Ultramafic 2444 120 122 2
Yellow Pine_Ultramafic 1076 40 42 5
Grassland 864 60 57 -5
Lodgepole Pine 704 52 54 4
Subalpine Conifer 562 296 258 -13
Montane Riparian 494 53 51 -4
Oak-Conifer Forest and Woodland_Ultramafic 287 42 45 7
Sierra Mixed Conifer_Aspen 233 29 32 10
Total 137400 30 32 7

Fire Mortality Rate

Fire mortality rate (FMR) is the percentage of burned cells that exhibit a high-mortality response (i.e.,
complete overstory mortality). For the purpose of model calibration, we considered the FMR only for cells
in the “short”, “medium” and “tall” tree developmental stages (i.e., “mature” trees) since this was the basis
for specifying the target values.

We tuned two of the wildfire mortality coefficients (b5 and b6) for each cover type, which affected the
probability of high mortality fire as a function of age and fire intensity in each cover type (see Wildfire
Mortality above), and measured calibration success based on conformity to pre-specified fire mortality targets
for each cover type. We set our calibration goal as within 10% of the targets for vegetated cover types with
> 1,000 ha in the project area. Target values were based on LANDFIRE estimates as modified by H. Safford
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and B. Estes. Because of the relatively weak empirical basis for pre-settlement FMRs and the heavy reliance
on observations of contemporary wildfires to establish the targets, we deemed FMRs as a comparatively
weak calibration metric. However, because FMR has a strong affect on the vegetation developmental stage
distribution and represents an important user assumption of the model, we deemed it an important calibration
metric nonetheless.

With one exception, we met our calibration target for cover types with > 1,000 ha in the project area, as
depicted in the following table. The remaining less common cover types had a FMR that was generally
within 1% of the target, which we deemed acceptable:

Cover type Area
(ha)

Target
FMR

Simulated
FMR

%Deviation

Sierra Mixed Conifer 62221 7 6.76 -3
Mixed Evergreen 27830 7 7.07 1
Yellow Pine 14920 5 5.28 6
Red Fir 9488 13 12.56 -3
Oak-Conifer Forest and Woodland 6374 5 5.79 16
Sierra Mixed Conifer_Ultramafic 3164 7 6.66 -5
Mixed Evergreen_Ultramafic 2444 7 7.31 4
Yellow Pine_Ultramafic 1076 5 5.00 0
Lodgepole Pine 704 18 19.39 8
Subalpine Conifer 562 25 21.97 -12
Oak-Conifer Forest and Woodland_Ultramafic 287 5 4.68 -6
Sierra Mixed Conifer_Aspen 233 24 24.10 0

Fire Size Distribution

Fire size distribution (FSD) is the percentage of realized fire sizes across bins of increasing fire size. As noted
above, the realized fire size distribution was only partially an emergent property of the model, as it was
more directly affected by the specified maximum fire size distribution parameters in the model (see Wildfire
Termination above). However, the final realized size distribution was affected by other factors as well (e.g.,
fuels, climate, etc.) and thus we considered it a useful calibration metric.

We opted not to tune the maximum fire size distribution parameters, which affected the probability of a fire
growing to a particular size (see Wildfire Mortality above) and were empirically based. Instead, we treated
the realized fire size distribution as an emergent outcome of the model and measured calibration success based
on agreement with the pre-specified fire distribution derived from the post-settlement period of 1908-1979
from which we had an empirical record. We set our calibration goal as a subjective evaluation of the realized
fire size distribution compared to the target fire size distribution. Because the target fires size distribution,
although empirically derived from historical data, was not based on data from the pre-settlement reference
period, we deemed this a comparatively weak calibration metric and secondary to FRP and FMR.

With met our calibration target reasonably well, as as depicted in Figure 37.
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Figure 37. Targeted wildfire size distribution from wildfires in the north Sierran ecoregion (based on CalVeg
Mapping zones) during the post-settlement period of 1908-1979 versus the simulated wildfire size distribtion
in the Upper Yuba River watershed project area. Fire sizes were binned into geommetrically increasing fire
size bins as shown.

Variability in Total Area Burned

Variability in total area burned over time is a measure of the temporal variability in the wildfire disturbance
regime. Although the total area burned over time was strongly determined by the user-specified wildfire
climate index (see Wildfire Climate above), the realized variablity in total area burned over time was truly
an emergent property of the model as it depended on the spatio-temporal interactions of the disturbance
process and the vegetation, and thus we considered it a useful calibration metric.

We opted not to tune the wildfire climate index, as it was empirically based. Instead, we treated the
variability in total area burned as an emergent outcome of the model and measured calibration success
based on agreement with the observed variability in total area burned for the post-settlement period of
1908-1979 from which we had an empirical record (Figure 38.
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Figure 38. Total area burned per 5 years in the north Sierran ecoregion (based on CalVeg Mapping zones)
during the post-settlement period of 1908-1979 and the computed Coefficient of Variation (CV).

We set our calibration goal as within 10% of the target coefficient of variation (CV) in total area burned per
timestep. Because the target CV in total area burned, although empirically derived from historical data, was
not based on data from the pre-settlement reference period, we deemed this a comparatively weak calibration
metric and secondary to FRP and FMR. With met our calibration target almost exactly, as as depicted in
Figure 39.
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Figure 39. Total simulated area burned per 5 years in the Upper Yuba River watershed project area during
the historical reference period of 1550-1850, as simulated, and the computed Coefficient of Variation (CV).

Relationship Between Total Area Burned and Climate

The relationship between total area burned and climate is a measure of the degree to which the simulated
total area burned is affected by variability in the specified climate index. Some relationship between total
area burned and climate was guaranteed because the climate index was incorporated into both wildfire
initiation and wildfire spread processes in the model (see Wildfire Initiation and Wildfire Spread above);
however, the nature and magnitude of the relationship was truly an emergent property of the model as it
depended on the spatio-temporal interactions of the disturbance process and the vegetation, and thus we
considered it a useful calibration metric.

We opted not to tune the wildfire climate index or any of the wildfire disturbance processes with regards
to this calibration metric. Instead, we treated the observed relationship between total area burned and the
climate index as an emergent outcome of the model and measured calibration success based on agreement
with the strength of the relationship for the post-settlement period of 1908-1979 from which we had an
empirical record (Figure 40.
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Figure 40. Scatterplot of the unmodified wildfire Climate Index based on the modified Palmer Drought
Severity Index (see text for details) and the log of total area burned per 5 years in the north Sierran ecoregion
(based on CalVeg Mapping zones) during the post-settlement period of 1908-1979 and the fitted linear
regression for the mean and 5-95th quantiles (see text for details) along with the Coefficient of Determination
(R2) of the fit.

We set our calibration goal as within 10% of the target coefficient of determination (R2) in the fit of a
linear regression to the target data. R2 measures the percentage of variation in the log of total area burned
explained by the climate index. Because the target R2 in the fitted relationship, although empirically
derived from historical data, was not based on data from the pre-settlement reference period, we deemed
this a comparatively weak calibration metric and secondary to FRP and FMR. With failed to meet this
calibration target, instead simulating a strong relationship between total area burned and climate that we
observed during the post-settlement period, as as depicted in Figure 41.
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Figure 41. Scatterplot of the modified wildfire Climate Index based on the modified Palmer Drought Severity
Index (see text for details) and the log of total area burned per 5 years in the Upper Yuba River watershed
project area during the historical reference period of 1550-1850, as simulated, and the fitted linear regression
for the mean and 5-95th quantiles (see text for details) along with the Coefficient of Determination (R2) of
the fit.

MODEL EXECUTION

We used LDSim to simulate succession and wildfire disturbance under historical reference period conditions
(circa 1550-1850) for a 1,500-year period with a 5-year time step (i.e., 300 time steps) and output several
spatial data layers representing disturbance and vegetation states at each time step. We dropped the first
500 years or 100 time steps as a conservative estimate of the model equilibration period (i.e., the time to
reach dynamic equilibrium) and retained the remaining 1,000 years or 200 time steps to quantify the range of
variability in various landscape attributes (see below). However, for some landscape metrics at some levels as
noted below, it was necessary to sample the outputs from the last 200 timesteps due to size of the data sets
being generated. In addition, recall that we included a 5-km buffer around the project area for purposes of
the simulation to avoid landscape boundary effects, resulting in a much larger landscape for the simulation.
Wildfire disturbances were allowed to spread across the project area boundary unimpeded, but we restricted
the analysis of landscape structure to the project area core.

Although we simulated landscape dynamics for 1,500 years and retained the last 1,000 years for the analysis of
landscape dynamics under equilibrium, it is important to recognize that this does not conflict with our ~300-
year historical reference period. We parameterized LDSim to represent disturbance processes characteristic
of the 300-year historical reference period; the longer simulation merely allowed us to produce a larger
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sample of landscape snapshots that were characteristic of this disturbance regime. Preliminary simulations
revealed that 1,000 years or 200 snapshots was sufficient to quantify a stable range of variation in landscape
characteristics.

HISTORICAL REFERENCE CONDITIONS and CURRENT DE-
PARTURE

It is essential to interpret the model results in the context of the model parameterization and calibration.
The model parameters represent a set of user assumptions about how disturbance and succession processes
operate at a particular scale in this landscape under historical reference period conditions. The choice of scale
is especially important as the simulated range of variability and current departure in landscape structure is
scale-dependent. In other words, the measured variability and current departure depends on the grain and
extent of the assessment in both the spatial and temporal domains. Thus, it is imperative that both the
spatial and temporal scale, in terms of both grain and extent, of the assessment be made explicit. In this
regard, the spatial grain of our assessment was fixed by design at 5 m and the temporal grain at 5 years.
Furthermore, the temporal extent of our assessment was fixed by design at the ~300-year historical reference
period (circa 1550-1850). The spatial extent of our assessment, however, was not fixed by design, and we
chose to describe HRV and current departure at several different scales, or rather “levels” in the hierarchical
organization of landscape mosaics, as described further below. Any attempt to compare our results to those
generated at a different scale should be done with extreme caution or not at all.

Model calibration is the means by which certain parameters are adjusted to produce certain output targets.
Together, model parameterization and calibration ultimately determine the outputs of the simulation and
thus are critical to understand before judging the reliability and usability of the results. In particular,
there are a few key processes that govern the production and maintenance of forest openings (i.e., cells
classified as forest but without established trees to breast height), which is a critical aspect of the landscape
composition with respect to the simulated range of variation in percent tree cover and the distribution
of developmental stages. Understanding the parameterization and calibration of these key processes is
paramount to understanding and interpretting the results.

• Forest regeneration - The probability of tree establishment (i.e., forest regeneration) after high-
mortality disturbance determines how quickly cells re-establish tree cover after canopy-replacing
disturbance and thus how long cells remain in the Open developmental stage without tree cover.
Lower probability of regeneration results in a greater percentage of the forest being in an Open
developmental stage with reduced tree cover. Conversely, higher probability of regeneration results in
a decrease in Open area and thus increase in tree cover.
We parameterized the probability of regeneration based on a statistical model derived from a large
empirical data set (Shive et al 2018) and thus is as objective as possible. Consequently, we deemed
the parameterization of the tree regeneration process extremely reliable. However, the model and the
empirical data set are not perfect and thus any biases in the data will affect the outcome. In particular,
the data set did not contain observations from sites above ~2300 m in elevation, yet we applied the
fitted model to all elevations, including those above 2300 m for lack of a better alternative. Given the
unknown reliability of this extrapolation to higher elevations it is possible that we over- (or under-)
estimated the probability of regeneration on higher elevation sites, which would affect the estimated
composition of the landscape with respect to the proportion in an Open condition. Indeed, it is possible
that due to the often harse microclimate conditions and poorer soils at these higher elevations that
tree regeneration in reality is less than we predicted based on the empirical model. If, for example,
our model over-estimates the probability of regeneration on these higher elevation sites our estimated
proportion of the forest in an Open condition will be biased low (i.e., we will simulate less Open area
than in the real world).
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• Wildfire Frequency and Severity - The frequency and severity of wildfire together largely drive the
production of forest Open areas. Shorter fire return intervals and higher probability of high-mortality
response together result in a greater proportion of the forest maintained in Open areas. Conversely,
longer fire return intervals and lower probability of high-mortality response result in a decrease in Open
areas.
We parameterized and calibrated the wildfire susceptibility function by cover type to achieve the
target FRI for each cover type. The targets were based largely on published scientific studies and
thus represent our best estimates of FRI under historical reference period conditions. Nevertheless,
if the published FRI estimates are inaccurate then the proportion of the landscape maintained in an
Open condition in the simulation will also be inaccurate. We parameterized and calibrated the wildfire
mortality function by cover type to acheive the target percent mortality rates for each cover type. The
targets were based on a combination of published scientific studies and expert opinion and thus do
represent our best estimates of mortality rates under historical reference period conditions. However,
as it is exceedingly difficult to estimate wildfire mortality rates for the historical reference period the
degree of uncertainty in our model calibration is much greater for wildfire mortality than FRI. For
example, if we increased the wildfire mortality rate for mature trees from, say 5%, to, say 10%, for a
common cover type such as Sierra Mixed-Conifer, this would have a significant affect on the proportion
of the landscape maintained in an Open condition. Thus, it behooves the reader to review the model
calibration pertaining to wildfire mortaility before interpretting the results. This factor more than
anything else drives the proportion of the forest in an Open condition and, in particular, in large forest
openings. Therefore, it is paramount to consider the results in the context of this model calibration.

• Senescence - The probability of tree senescence as it ages also contributes to the production of forest
Open areas, but the contribution from senescence is much less than that of high-mortality wildfire given
the relative short FRIs. Although there is a random chance of mortality from senescene at any age,
the probability is extremely low until trees reach an age of 200 years, at which point the probability of
survival decreases steadily until 400+ years. Thus, most trees live > 200 years but few surive beyond
400 years. Given that FRIs are between 28-62 years for the common forest types, the probability
of mortality from wildfire generally assumes a greater importance than the probability of mortality
from senescene. Nevertheless, it behooves the reader to review the senescence parameterization before
interpretting the results.

Biophysical Classes

To summarize HRV and current departure in landscape structure and the site and landscape levels (see
below), we subdivided the landscape into a set of Biophysical Classes (BPCs). We created BPCs as a
means of “packaging” the results in a manner that would be most relevant to management at both the Yuba
River watershed and project levels and would best discriminate differences in the landscape metrics. We
also sought a parsimonious suite of BPCs; i.e., the fewest number of BPCs that would best characterize
meaningful differences in the landscape metrics. After consideration of many alternative approaches, we
opted for the following approach.

• First, we derived a proxy for cumulative tree biomass production under dynamic equilibrium conditions
(i.e., HRV) at the cell level for all forested cells by summing tree Height (ft) values every 20 years
between simulation years 500-1,500, as depicted in Figure 42.
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Figure 42. Cumulative Biomass Index derived by summing tree Height (ft) at the cell level every 20
years over a period of 1,000 years under simulated historical dynamic equilibrium conditions in the
Upper Yuba River watershed project area.
We posited that the cumulative sum of tree Height (hereafter, “Biomass”) under dynamic equilibrium
condtions represented an index of realized site productivity that effectively integrated the effects of all
the disturbance and succession processes in LDSim, including, in particular, the frequency and severity
of wildfire, the rate of tree establishment and the rate of tree growth after establishment. To reduce the
“noise” in the data owing to pixelation, we applied a 25x25 m focal mean smoothing of the cumulative
tree biomass layer. Thus, each 5 m cell value was replaced with the mean of the cell values within a
5x5 cell window centered on the focal cell.

• Next, we randomly sampled one million cells and extracted the values of Biomass and the following 9
biophysical variables:

– Precipitation
– Water balance deficit
– Available soil water
– Topographic wetness index
– Heat load index
– Growing degree days
– Topographic position index
– Aspect (linearly transformed along NE-SW axis)
– Elevation

Note, each of these biophysical variables was involved either directly or indirectly (e.g., combined with
other variables into a composite index such as the site index) in one or more of the processes affecting
cumulative tree biomass.
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• Next, we used a Random Forest analytical framework (Breiman 2001) to predict Biomass from the
biophysical site variables. Random Forest is a non-parametric machine learning technique that allows
for non-linear and heterogenous responses (e.g., biomass may respond differently to precipitation as
elevation increases) and thus can account for complex interactions among the predictors. The predicted
value at each cell is in effect a “site index” of type as it is an index of the likely long-term realized
productivity of the site under dynamic equilbrium conditions. Random Forest did not produce a single
equation for predicting Biomass that can be reported here; rather, it built 500 regression trees, each of
which was a hierarchical, tree-like partitioning of the data based on the predictors (i.e., a decision tree),
and took the average predicted Biomass value across the 500 trees as the final predicted value. The
Random Forest was able to explain ~70% of the variation in Biomass; the remaining 30% of variation
in Biomass was “noise” that could not be explained by the 9 predictors (at least by this technique).

• Lastly, we classified predicted Biomass into 4 equal-area classes based on quartiles of the data, plus
a zero class for all non-forest cells. The final BPC layer included 4 classes ranging from the least
productive to most productive sites; i.e., supporting on average low to high cumulative tree Biomass
under historical dynamic equilibrium conditions (as simulated), plus an “unknown” class representing
non-forest areas (as mappped), with each class encompassing approximately 20% of the landscape, as
depcited in Figure 43.

Figure 43. Biophysical Classes (BPCs) based on quartiles of predicted Biomass derived from a Random
Forest model to predict Biomass (i.e., cumulative tree height) from nine biophysical variables. The
Random Forest model explained ~70% of the variation in Biomass under simulated historical dynamic
equilibrium conditions in the Upper Yuba River watershed project area.

The final BPCs were distinguishable on the basis of the 9 biophysical variables and cover type, although
there was considerable overlap among BPCs in each of the variables. Here, we describe the differences among
the final BPCs with respect to cover type, mesic index, topographic position index and aspect.
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• Cover Type - The following table depicts the distribution of each cover type among BPCs (as a per-
centage of the cover type):

Cover type Area (ha) Low ModLow ModHigh High
Yellow Pine 14901 34.88 26.16 23.15 15.81
Yellow Pine_Aspen 39 26.99 44.22 26.99 1.80
Yellow Pine_Ultramafic 1076 24.40 28.15 25.75 21.69
Oak-Conifer Forest and
Woodland

6364 20.19 21.19 24.89 33.73

Oak-Conifer Forest and
Woodland_Ultramafic

287 15.48 21.56 24.96 38.01

Mixed Evergreen 27815 11.91 18.70 27.01 42.37
Mixed
Evergreen_Ultramafic

2444 15.45 24.71 28.20 31.64

Sierra Mixed Conifer 62134 28.68 25.86 24.22 21.24
Sierra Mixed
Conifer_Aspen

233 48.73 32.02 16.07 3.18

Sierra Mixed
Conifer_Ultramafic

3164 16.22 23.46 28.98 31.34

Lodgepole Pine 704 17.61 39.22 37.83 5.34
Lodgepole Pine_Aspen 20 6.49 63.49 24.47 5.55
Red Fir 9486 28.89 38.32 25.59 7.20
Red Fir_Aspen 42 6.45 49.32 38.99 5.25
Red Fir_Ultramafic 44 32.36 40.46 12.72 14.46
Subalpine Conifer 562 89.88 8.17 1.83 0.13
Subalpine Conifer_Aspen 0 0.00 15.75 83.46 0.79
Subalpine
Conifer_Ultramafic

9 17.94 38.92 42.93 0.20

Most forest types were well distributed among BPCs, suggesting that cover type was generally not a
good discriminator of BPCs (i.e., the presence of a particular cover type was not a good indicator of
a particular BPC). However, there were some notable exceptions. For example, Mixed Evergreen was
disproportionately found in the High site productivity class and Subalpine Conifer was disproportion-
ately found in the Low site productivity class. In addition, Lodgepole Pine was disproportionately
absent from the High site productivity class.

• Mesic Index - The following table depicts the distribution of the Mesic Index for each BPC, given as
quantiles of the index:

BPC 2.5% 25% 50% 75% 97.5%
Low 34 44 50 57 67
ModLow 35 49 57 63 74
ModHigh 40 56 63 69 79
High 51 65 72 78 93

As expected, the Mesic Index distribution increased as the site productivity class increased from Low
to High, with considerable overlap in distributions between adjacent BPC classes but almost no overlap
between the extreme classes of Low and High. Thus, the BPC classes represented a clear gradient in
expected site moisture, with the Low site productivity class representing the driest sites and the High
site productivity class representing the wettest sites.
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• Topographic Position - The following table depicts the distribution of the Topographic Position Index
for each BPC, given as quantiles of the index:

BPC 2.5% 25% 50% 75% 97.5%
Low 35 51 62 73 97
ModLow 21 41 51 62 87
ModHigh 6 36 47 58 84
High 0 27 41 53 77

As expected, the Topographic Position Index distribution decreased as the site productivity class
increased from Low to High, but with considerable overlap in distributions between adjacent BPC
classes. Indeed, there was even considerable overlap between the extreme BPC classes. Despite the
strong overlap, the BPC classes represented a clear gradient in topographic position, with the Low
site productivity class representing the upper slopes and ridgetops and the High site productivity class
representing the lower slopes and valley bottoms.

• Aspect - The following table depicts the distribution of aspect classes among BPCs (as a percentage of
the BPC):

Aspect N NE E SE S SW W NW Flat
Low 1.03 0.79 1.58 7.81 22.19 33.25 21.61 11.23 0.52
ModLow 5.86 3.82 7.10 16.09 15.42 15.10 14.12 21.47 1.02
ModHigh 12.09 11.37 13.92 15.48 9.26 8.44 8.51 20.12 0.81
High 20.53 22.55 20.35 10.85 3.19 2.08 3.00 16.82 0.63

Not surprisingly, each BPC class was distributed across all aspect classes but yet still exhibited a pro-
nounced orientation, with the Low site producitivity class disproportionately occupying southwesterly
aspects and the High site productivity class disproportionately occupying northeasterly aspects.

Stand-Level Departure

The results presented in this section address HRV and current departure in landscape metrics quantified at
the spatial extent of a “stand”, which we defined for the General Survey – a base dataset to inform initial
project questions that drive management scope and direction. More specifically, the General Survey is an
aggregation of the 2014 Tahoe National Forest (TNF) EcObject dataset by refined CWHR classification,
slope (operability), and ladder fuel concentrations. The General Survey was then re-populated with 2014
EcObject data, 2018 Pyrologix fire and fuels data, 2018 SilviaTerra generated tree lists, eDaRT and current
departure metrics from this study. Importantly, General Survey stands were derived through a series of
geoprocessing steps to create meaningful spatial units (i.e., stands) that differed substantially in one or more
vegetation attributes from adjacent stands so as to be distinguishable in terms of vegetation and also be
meaningful for management purposes. At the time of this reporting, General Survey stands were only derived
for the North Yuba portion of our Upper Yuba River landscape and included 16,902 stands. Consequently,
the results reported below are limited to the North Yuba portion of the landscape.

It is important to recognize that a “stand” is user-defined based on objectives, and thus can vary widely
from user to user and from one application to another. Here, we defined stands for purposes of the General
Survey of vegetation conditions. More importantly, a stand does not have an explicitly defined single spatial
scale; i.e., stands can vary in size, and often dramatically so, depending on how they are defined. In our case,
stands vary dramatically in both size and shape, and in some cases individual stands contain smaller “island”
stands embedded within. Owing to these differences among stands, especially differences in scale, comparing
landscape metrics among stands is fraught with challenges. Thus, while a stand is a useful concept and is
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the basis for management within projects, it serves poorly for computing landscape metrics for comparative
purposes, i.e., for comparing one stand to another. Consequently, we limited our analysis of HRV and current
departure by treating each stand independently; i.e., we compared the current condition of each stand to its
own HRV in stand conditions. Thus, the measured HRV and current departure of a stand was specific to
the stand and independent of that measured for other stands.

We measured the current condition and HRV of each stand solely in order to measure the current departure
of each stand. Our focus was on current departure as a means of identifying individual stands that deviated
most from historical conditions to help prioritize stands for restoration treatment - should that be the goal.
In addition, we used a large suite of landscape metrics (see below) to measure departure so as to identify
which aspects of vegetation composition and configuration contribute most towards departure of the stand
to aid in determining management objectives and potential treatments for each stand. For each landscape
metric, the current condition of the stand was given by the value of the landscape metric computed for the
forested portion of the stand in the current landscape. The HRV of the stand was based on the variability in
the landscape metric under historical dynamic equilibrium conditions. To compute HRV for each landscape
metric, the forested portion of the stand at each time step of the simulation after model equilibration (N
= 200 timesteps) was considered a single snapshot of what the stand condition could have been like at any
point in time under historical dynamic equilibrium conditions. Because of the enormous size of the data
sets being generated, we evaluated snapshots of each stand at 20-year (or 4 time step) intervals after model
equilibration for a total of 51 snapshots of each stand. We defined HRV as the range in values between the
2.5 and 97.5 percentiles, which represents the 95% range of variability in the metric under historical dynamic
equilibrium conditions, analogous to a 95% confidence interval.

To compute current departure for each landscape metric (except as noted below), we compared the current
condition value to the HRV distribution and derived a Departure Index and Score for each stand, as follows:

• First, we computed the value of the metric for the forested portion of the current stand condition.

• Second, we derived the HRV for the forested portion of the stand by computing quantiles of the
simulated distribution of values for the metric (based on the 51 snapshots). Note, although the HRV
was based on the range between the 2.5 and 97.5 percentiles, here we were primarily interested in the
values corresponding to the 2.5 (Q2.5), 50 (Q50) and 97.5 (Q97.5) percentiles, as described next.

• Third, derive a departure index for the stand, as follows:

for (Ci ≥ Q50i) : DIi = Ci −Q50i

Q97.5i −Q50i

for (Ci < Q50i) : DIi = Ci −Q50i

Q50i −Q2.5i

where: Ci = current condition for the ith stand; Qi = specified quantiles of the simulated distribution
under historical dynamic equilibrium conditions for the ith stand; and DIi is the departure index for the
ith stand. Thus, if the current condition is greater than the 50th percentile of the HRV (i.e., the median
of the HRV), the departure index will be positive. Conversely, if the current condition is less than the
50th percentile of the HRV, the departure index will be negative. Moreover, if the current condition
is equal to the 97.5ˆth percentile of the HRV (i.e., the upper range of the HRV), the departure index
will = 1. Similarly, if the current condition is equal to the 2.5th percentile of the HRV (i.e., the lower
range of the HRV), the departure index will = -1. Accordingly, if the current condition is, say, twice
the distance from the median HRV as the upper range of the HRV, the departure index will be 2,
and so. Thus, the departure index is unbounded on both sides and any values between -1 and 1 can
be considered within the HRV, and values less than -1 or greater than 1 can be considered degrees
of departure, with more negative numbers indicating greater negative departure and more positive
numbers indicating greater positive departure.

• Lastly, we assigned a departure score to the stand by classifying the departure index, as follows:

If DIi ≤ −5, DSi = 5
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elseif DIi ≤ −2, DSi = 3

elseif DIi ≤ −1, DSi = 1

else DSi = 0

where: DIi = departure index as defined above for the ith stand; and DSi = departure score for the
ith stand. Thus, if the current condition is within the HRV or greater than the HRV (i.e., departure
index > -1) the departure score equals 0; otherwise, if the current condition is less than the HRV the
departure index will be less than -1 and the departure score will be 1 to 5 depending on the magnitude
of negative departure. Note, this scoring scheme reflects our principle concern for stands in which the
current condition has a value for the metric that is less than the HRV for that metric, which makes
sense in the context of the specific metrics defined below. In addition, the departure score was created
to standardize the departure indices across metrics (i.e., put them all on a 0-5 scale) so as to be able
to combine them meaningfully into a composite departure index, as described below.

To quantify stand-level departure, we included a parsimonious suite of landscape metrics that we deemed
meaningful for estimating depature at the stand level, and appropriate given the available data, for the
purpose of prioritizing stands for treatments aimed at restoring HRV conditions. However, we acknowledge
that there may be other potentially meaningful metrics for this purpose - our chosen suite of metrics is
not exhaustive. Specifically, we selected metrics that measure vegetation composition and configuration
with respect to tree cover, tree size (dbh) and developmental stage (or tree height). Stem density is another
important and complementary attribute of stand condition, but we did not have the data from our simulation
model to include this attribute in our suite of metrics. We also acknowledge that current departure from
historical reference conditions is only one consideration in establishing stand-level objectives and treatments
and may be more useful in some parts of the landscape than others. It is not the purpose of this document to
suggest where historical reference conditions should be used to inform stand-level objectives and treatments
or whether they should be used at all.

Fire Return Interval Departure

Fire Return Interval Departure (FRID) represented the percentage deviation of the contemporary (post-
settlement) mean point-specific FRI and the mean point-specific FRI under historical (i.e., pre-settlement)
dynamic equilibrium conditions. Specfically, we computed FRID based on one of the metrics reported in
Safford and Van deWater (2014), but substituted our simulated mean point-specific FRI under pre-settlement
conditions for their mean FRI by cover type, as follows:

for (cFRIi ≥ pFRIi) : FRIDi = (1− pFRIi

cFRIi
) ∗ 100

for (pFRIi < cFRIi) : FRIDi = −(1− pFRIi

cFRIi
) ∗ 100

where: cFRIi = contemporary FRI for the ith cell; and pFRIi = pre-settlement FRI for the ith cell. Thus, if
the contemporary FRI was > the pre-settlement FRI, the departure was positive and increased asymptotically
to 100% as the difference between the two FRIs increased. Conversely, if the contemporary FRI was < the
pre-settlement FRI, the departure was negative and increased asymptotically to -100% as the difference
betwee the two FRIs increases. cFRI was computed as the length of the contemporary period (1909-2019
= 110 years in this case) divided by the frequency of wildfires and prescribed fires plus one. Thus, if there
were no contemporary fires, cFRI equaled the length of the contemporary period (110 years in this case).
As such, FRID is a conservative estimate of actual departure; i.e. true departure could be greater than
calculated since the true fire-free period could have been longer than the length of the contemporary record
of 110 years. If follows that for cells with a pre-settlement FRI longer than 110 years, the negative departure
esimates should be interpretted with caution, and perhaps not at all to be safe. Note, that this is the only
departure metric for which we did not create a departure score on the scale 0-5 as we did not include this
metric in the composite index described below.
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Like the metrics reported by Safford and Van de Water (2014), our FRID metric quantifies the extent in
percent to which contemporary fires (i.e., since 1909) are burning at frequencies similar to the frequencies
that occurred prior to significant Euro-American settlement, as simulated. However, our FRID metric differs
from Safford and Van de Water (2014) in two important ways. First, Safford and Van de Water computed
four different FRID metrics based on the equation above, but substituting the mean, median, minimum and
maximum reported pre-settlement FRIs for each cover type. We used only our mean point-specific FRI under
pre-settlement conditions because at the cell-level the variation in simulated FRI captures the range reported
by cover type that Safford and Van de Water used. In other words, the use of our cell-level FRI elminates the
need to compute several different FRID metrics based on the mean and range, since the variation within a
cover type is captured by our cell-level mean FRI. Second, and more importantly, Safford and Van de Water
(2014) used pre-settlement FRIs by cover type; whereas, we used pre-settlement FRIs at the 5 m cell level.
Hence, our reference FRIs for comparison against the contemporary record is highly refined and spatially
resolved, making it much more useful for stand and project-level planning and management.

The map of FRID at the cell level (Figure 44) provided a single integrated summary of the cell-level
departure in the fire regime that can be used as a stand-alone product to aid in the spatial planning and
management of fire.

Figure 44. Fire Return Interval Departure (FRID) at the 5 m cell level in the Upper Yuba River watershed
project area, representing the percent to which contemporary fires (i.e., since 1909) are burning at frequencies
similar to the frequencies that occurred prior to significant Euro-American settlement, as simulated.

In addition to the cell-level map of FRID, we also summarized the mean FRID for each stand to include
in the stand-level General Survey as a means of prioritizing stands for treatment with fire, as depicted in
Figure 45.
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Figure 45. Stand-level Fire Return Interval Departure (FRID) for the North Yuba portion of the Upper Yuba
River watershed project area, representing the average 5 m cell value in the percent to which contemporary
fires (i.e., since 1909) are burning at frequencies similar to the frequencies that occurred prior to significant
Euro-American settlement, as simulated.

Percent Open forest

We measured departure in the percent of forested cells within the stand in the Open developmental stage
(Figure 46), which is a measure of stand composition. We chose this departure metric because of the
importance of Open canopy conditions in the restoration of forest stands and the dominant role this metric
plays in the design of silvicultural treatments. Stands with a departure index less than -1 have less area
in the Open developmental stage than under HRV, and the obvious restoration objective for these stands
would be to create more openings.
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Figure 46. Stand-level departure index (unbounded) for the percentage of the forested portion of the stand
in the Open developmental stage for the North Yuba portion of the Upper Yuba River watershed project
area. The departure Index represents the devation of the current stand condition from its historical range
of variability (HRV), as simulated. Values < -1 represent a current condition that is less than the HRV for
the stand, and increasingly negative values represent increasing degrees of negative departure.

For example, the focal stand depicted in Figure 47) illustrates a stand with a percent Open forest that
is currently well below the HRV for this stand, as depicted by the sample reference condition under his-
torical dynamic equilibrium conditions shown here. This resulted in a departure index of -2.23 and thus a
corresponding departure score of 3.
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Figure 47. Focal stand depicting developmental stage at the 5 m cell level for the current stand condition and
a sample reference condition under historical dynamic equilibrium conditions for the North Yuba portion of
the Upper Yuba River watershed project area.

Simpson’s Diversity of developmental stages

We measured departure in the diversity of forest developmental stages within the stand based on the Simp-
son’s Diversity index (Figure 48), which is a measure of stand composition. Here, Simpson’s Diversity is
defined as the probability that any two cells selected at random would be different developmental stages,
given as follows:

SIDIi = 1−
∑

P 2
j

where: Pj = proportion of the forested cells in the jth developmental stage; and SIDIi = Simpson’s Diversity
index for the ith cell. SIDI = 0 if the stand contains a single developemental stage and approaches 1 as the
number of developmental stages increases and the proportional distribution of area among developmental
stages becomes more equitable. We chose this metric to capture stands in which there is too little diversity
in developmental stage composition relative to HRV. The departure index for Simpson’s Diversity is less
than -1 if the current stand has a diversity of developmental stages that is less than HRV, and the obvious
restoration objective for these stands would be to diversify canopy height to the extent practical.
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Figure 48. Stand-level departure index (unbounded) for the Simpson Diversity of developmental stages for
the forested portion of the stand for the North Yuba portion of the Upper Yuba River watershed project
area. The departure Index represents the devation of the current stand condition from its historical range
of variability (HRV), as simulated. Values < -1 represent a current condition that is less than the HRV for
the stand, and increasingly negative values represent increasing degrees of negative departure.

For example, the focal stand depicted in Figure 47) illustrates a stand currently with a relatively low Simp-
son’s diversity index due to the preponderance of area in the Pole and Short-tree developmental stages and a
paucity of area in the remaining stages. In contrast, the sample reference condition under historical dynamic
equilibrium conditions shown here has a relatively even distribution of area among all six developmental
stages. This resulted in a departure index of -3 and thus a corresponding departure score of 3. Figure 47.
Focal stand depicting developmental stage at the 5 m cell level for the current stand condition and a sample
reference condition under historical dynamic equilibrium conditions for the North Yuba portion of the Upper
Yuba River watershed project area.

Coefficient of variation in Open patch size

We measured departure in the Coefficient of Variation (CV) in the size of all Open forest patches, including
single cell patches, in which forest openings are defined by contiguous cells in the Open developmental stage
based on the 4-neighbor rule (i.e., orthogonal neighbors)(Figure 49). Note, non-forested opennings within
the stand (e.g., barren, shrubland, grassland, developed) were excluded from consideration. CV is defined
as the standard deviation divided by the mean times 100; here it is a measure of relative variability in Open
patch size and thus serves as a measure of stand configuration. We chose this metric to capture stands in
which there is too little heterogeneity in the size of Open patches relative to HRV. The departure index is
less than -1 if the current stand has relatively homogeneous Open patch sizes compared to HRV, and the
obvious restoration obbjective for these stands would be to increase the variability in Open patch sizes.
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Figure 49. Stand-level departure index (unbounded) for the Coefficient of Variation (CV) in the size of
patches in the Open developmental stage for the North Yuba portion of the Upper Yuba River watershed
project area. The departure Index represents the devation of the current stand condition from its historical
range of variability (HRV), as simulated. Values < -1 represent a current condition that is less than the
HRV for the stand, and increasingly negative values represent increasing degrees of negative departure.

For example, the focal stand depicted in Figure 50) illustrates a stand currently with no variation in Open
patch size, as all of the Open patches are 1 cell in size; hence a CV of zero. In contrast, the sample reference
condition under historical dynamic equilibrium conditions shown here has a wide variety of Open patch sizes;
hence, a relatively large CV. This resulted in a departure index of -2.64 and thus a corresponding departure
score of 3.
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Figure 50. Focal stand depicting forest in the Open developmental stage versus established tree stages at
the 5 m cell level for the current stand condition and a sample reference condition under historical dynamic
equilibrium conditions for the North Yuba portion of the Upper Yuba River watershed project area.

Coefficient of variation in patch size based on developmental stage

We measured departure in the CV in the size of all forest developmental stage patches, including single
cell patches, in which patches are defined by contiguous cells in the same developmental stage based on the
4-neighbor rule (i.e., orthogonal neighbors)(Figure 51). Note, as with all the other metrics, non-forested
areas within the stand were excluded from consideration. CV is defined as the standard deviation divided
by the mean times 100; here it is a measure of relative variability in developmental stage patch size and
thus serves as a measure of stand configuration. We chose this metric to capture stands in which there is
too little heterogeneity in the size of developmental stage (or canopy height) patches relative to HRV. The
departure index is less than -1 if the current stand has relatively homogeneous developmental stage patch
sizes compared to HRV, and the obvious restoration objective for these stands would be to increase the
variability in developmental stage patch sizes.
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Figure 51. Stand-level departure index (unbounded) for the Coefficient of Variation (CV) in the size of
patches based on developmental stage for the North Yuba portion of the Upper Yuba River watershed
project area. The departure Index represents the devation of the current stand condition from its historical
range of variability (HRV), as simulated. Values < -1 represent a current condition that is less than the
HRV for the stand, and increasingly negative values represent increasing degrees of negative departure.

For example, the focal stand depicted in Figure 52) illustrates a stand currently with a mean patch size
of 64.75 m2 and a standard deviation of 190.75 m2, amounting to a CV of 295 %. In contrast, the sample
reference condition under historical dynamic equilibrium conditions shown here has a mean patch size of 72.5
m2 and a standard deviation of 307.25 m2, amounting to a CV of 424 %. In this case, the current stand and
the sample reference stand both have approximately the same small mean patch size, reflecting a high degree
of canopy height heterogeneity. However, the reference stand has a much greater standard deviation in patch
size than the current stand, resulting in a greater CV. Thus, the reference stand has much greater “relative”
variation in patch size. This resulted in a departure index of -4.28 and thus a corresponding departure score
of 3.
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Figure 52. Focal stand depicting unique patches of forest based on developmental stage at the 5 m cell
level for the current stand condition and a sample reference condition under historical dynamic equilibrium
conditions for the North Yuba portion of the Upper Yuba River watershed project area.

Percent Large trees

We measured departure in the percent of forested cells within the stand in the Large tree size class (≥ 30 in
dbh)(Figure 53), which is a measure of stand composition. We chose this departure metric because of the
importance of Large trees to wildlife and the important role this metric plays in the design of silvicultural
treatments. Stands with a departure index less than -1 have less area in the Large tree class than under
HRV, and the obvious restoration objective for these stands would be to create more Large trees, although
this may not be easily achieved in the short term. However, retaining Large trees where they exist and
managing stand density to grow larger trees faster may be some practical options. As depicted in Figure
53 the vast majority of stands in the North Yuba are severely negatively departed (i.e., have too few large
trees); hence, this metric may be more useful in identifying the few stands that currently exceed HRV in the
percent of Large trees.
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Figure 53. Stand-level departure index (unbounded) for the percentage of the forested portion of the stand
in the Large tree size class (geq 30 in dbh) for the North Yuba portion of the Upper Yuba River watershed
project area. The departure Index represents the devation of the current stand condition from its historical
range of variability (HRV), as simulated. Values < -1 represent a current condition that is less than the
HRV for the stand, and increasingly negative values represent increasing degrees of negative departure.

For example, the focal stand depicted in Figure 54) illustrates a stand with a percent Large tree class
that is currently well below the HRV for this stand, as depicted by the sample reference condition under
historical dynamic equilibrium conditions shown here. This resulted in a departure index of -4.41 and thus
a corresponding departure score of 3.

76



Figure 54. Focal stand depicting forest in the Large tree size class (geq 30 in dbh) versus smaller trees at
the 5 m cell level for the current stand condition and a sample reference condition under historical dynamic
equilibrium conditions for the North Yuba portion of the Upper Yuba River watershed project area.

Simpson’s Diversity of tree size classes

We measured departure in the diversity of tree size classes within the forested portion of the stand based
on the Simpson’s Diversity index (Figure 55), which is a measure of stand composition. Here, Simpson’s
Diversity is defined as the probability that any two cells selected at random would be different tree size
classes, given as follows:

SIDIi = 1−
∑

P 2
j

where: Pj = proportion of the forested cells in the jth tree size class; and SIDIi = Simpson’s Diversity index
for the ith cell. SIDI = 0 if the stand contains a single tree size class and approaches 1 as the number of
tree size classes increases and the proportional distribution of area among tree size classes becomes more
equitable. We chose this metric to capture stands in which there is too little diversity in tree size class
composition relative to HRV. The departure index for Simpson’s Diversity is less than -1 if the current stand
has a diversity of tree size classes that is less than HRV, and the obvious restoration objective for these
stands would be to diversify tree sizes to the extent practical.
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Figure 55. Stand-level departure index (unbounded) for the Simpson Diversity of tree size clases for the
forested portion of the stand for the North Yuba portion of the Upper Yuba River watershed project area.
The departure Index represents the devation of the current stand condition from its historical range of
variability (HRV), as simulated. Values < -1 represent a current condition that is less than the HRV for the
stand, and increasingly negative values represent increasing degrees of negative departure.

For example, the focal stand depicted in Figure 56) illustrates a stand with a relatively low Simpson’s
diversity index due to the preponderance of area in the intermediate tree size classes and a paucity of area
in the very small and very large tree size classes. In contrast, the sample reference condition under historical
dynamic equilibrium conditions shown here has a relatively even distribution of area among all six tree size
classes. This resulted in a departure index of -3.83 and thus a corresponding departure score of 3.
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Figure 56. Focal stand depicting forest in tree size classes at the 5 m cell level for the current stand condition
and a sample reference condition under historical dynamic equilibrium conditions for the North Yuba portion
of the Upper Yuba River watershed project area.

Coefficient of variation in Large tree patch size

We measured departure in the CV in the size of all Large tree patches, including single cell patches, in
which Large tree patches were defined by contiguous cells in the Large tree class (≥ 30 in dbh) based
on the 4-neighbor rule (i.e., orthogonal neighbors)(Figure 57). CV is defined as the standard deviation
divided by the mean times 100; here it is a measure of relative variability in Large tree patch size and thus
serves as a measure of stand configuration. We chose this metric to capture stands in which there is too
little heterogeneity in the size of Large tree patches relative to HRV. The departure index is less than -1
if the current stand has relatively homogeneous Large tree patch sizes compared to HRV, and the obvious
restoration objective for these stands would be to increase the variability in Large tree patch sizes.
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Figure 57. Stand-level departure index (unbounded) for the Coefficient of Variation (CV) in the size of
patches in the Large tree size class (geq 30 in dbh) for the North Yuba portion of the Upper Yuba River
watershed project area. The departure Index represents the devation of the current stand condition from
its historical range of variability (HRV), as simulated. Values < -1 represent a current condition that is
less than the HRV for the stand, and increasingly negative values represent increasing degrees of negative
departure.

For example, the focal stand depicted in Figure 58) illustrates a stand currently with no variation in Large
tree patch size, as all of the Large tree patches are 1 cell in size; hence a CV of zero. In contrast, the
sample reference condition under historical dynamic equilibrium conditions shown here has a wide variety
of Large tree patch sizes; hence, a relatively large CV. This resulted in a departure index of -7.09 and thus
a corresponding departure score of 5.
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Figure 58. Focal stand depicting forest in the Large tree size class (geq 30 in dbh) versus smaller trees at
the 5 m cell level for the current stand condition and a sample reference condition under historical dynamic
equilibrium conditions for the North Yuba portion of the Upper Yuba River watershed project area.

Coefficient of variation in patch size based on tree size

We measured departure in the CV in the size of all tree size class patches, including single cell patches,
in which patches were defined by contiguous cells in the same tree size class based on the 4-neighbor rule
(i.e., orthogonal neighbors)(Figure 59). Note, as with all the other metrics, non-forested areas within the
stand were excluded from consideration. CV is defined as the standard deviation divided by the mean times
100; here it is a measure of relative variability in tree size patch size and thus serves as a measure of stand
configuration. We chose this metric to capture stands in which there is too little heterogeneity in the size of
tree size class patches relative to HRV. The departure index is less than -1 if the current stand has relatively
homogeneous tree size class patch sizes compared to HRV, and the obvious restoration objective for these
stands would be to increase the variability in tree size class patch sizes.
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Figure 59. Stand-level departure index (unbounded) for the Coefficient of Variation (CV) in the size of
patches based on tree size class for the North Yuba portion of the Upper Yuba River watershed project
area. The departure Index represents the devation of the current stand condition from its historical range
of variability (HRV), as simulated. Values < -1 represent a current condition that is less than the HRV for
the stand, and increasingly negative values represent increasing degrees of negative departure.

For example, the focal stand depicted in Figure 60) illustrates a stand currently with a mean patch size of
46.25 m2 and a standard deviation of 47 m2, amounting to a CV of 101 %. In contrast, the sample reference
condition under historical dynamic equilibrium conditions shown here has a mean patch size of 59.5 m2

and a standard deviation of 119 m2, amounting to a CV of 200 %. In this case, the current stand and the
sample reference stand both have similar small mean patch sizes, reflecting a high degree of tree size class
heterogeneity. However, the reference stand has a much greater standard deviation in patch size than the
current stand, resulting in a greater CV. Thus, the reference stand has much greater “relative” variation in
patch size. This resulted in a departure index of -2.52 and thus a corresponding departure score of 3.
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Figure 60. Focal stand depicting unique patches of forest based on tree size class at the 5 m cell level for the
current stand condition and a sample reference condition under historical dynamic equilibrium conditions
for the North Yuba portion of the Upper Yuba River watershed project area.

Coefficient of variation in Quadratic Mean Diameter

We measured departure in the CV in site-level Quadratic Mean Diameter (QMD) of established trees within
the forested portion of the stand (Figure 61). Recall that a site was defined as a 40-m radius window around
each focal cell. Thus, QMD was computed for the site associated with each focal cell, which produced a
continuous surface of QMD values, from which the CV in QMD values was computed. Note, as with all the
other metrics, non-forested areas within the stand were excluded from consideration. CV is defined as the
standard deviation divided by the mean times 100; here it is a measure of relative variability in site-level
QMD across the stand and thus serves as a measure of stand configuration. We chose this metric to capture
stands in which there is too little spatial heterogeneity in the weighted average tree size relative to HRV. The
departure index is less than -1 if the current stand has relatively homogeneous weighted average tree size
compared to HRV, and the obvious restoration objective for these stands would be to increase the spatial
variability in weighted average tree size.
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Figure 61. Stand-level departure index (unbounded) for the Coefficient of Variation (CV) in site-level (i.e.,
40 m radius window around each focal cell) Quadratic Mean Diameter (QMD, in inches) for the North Yuba
portion of the Upper Yuba River watershed project area. The departure Index represents the devation of the
current stand condition from its historical range of variability (HRV), as simulated. Values < -1 represent
a current condition that is less than the HRV for the stand, and increasingly negative values represent
increasing degrees of negative departure.

For example, the focal stand depicted in Figure 62) illustrates a stand currently with a mean QMD of 24.12
inches and a standard deviation of 1.64 inches, resulting in a CV of 7%. In contrast, the sample reference
condition under historical dynamic equilibrium conditions shown here has a mean QMD of 21.54 inches and
a standard deviation of 6.4 inches, resulting in a CV of 30%. Note that in this case the mean QMDs are
fairly similar, but the standard deviations differ considerably; consequently, the standard deviation relative
to the mean is much greater in the reference stand, resulting in the greater CV. This stand ended up with
a departure index of -2.04 and thus a corresponding departure score of 3.
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Figure 62. Focal stand depicting Quadratic Mean Diameter (QMD, in inches) at the 5 m cell level for the
current stand condition and a sample reference condition under historical dynamic equilibrium conditions
for the North Yuba portion of the Upper Yuba River watershed project area.

Coefficient of variation in percent tree cover

We measured departure in the CV in site-level percent cover of established trees within the forested portion of
the stand (Figure 63). Recall that a site was defined as a 40-m radius window around each focal cell. Thus,
percent tree Cover was computed for the site associated with each focal cell, which produced a continuous
surface of percent tree cover values, from which the CV in tree cover values was computed. Note, as with all
the other metrics, non-forested areas within the stand were excluded from consideration. CV is defined as
the standard deviation divided by the mean times 100; here it is a measure of relative variability in site-level
percent tree cover across the stand and thus serves as a measure of stand configuration. We chose this metric
to capture stands in which there is too little spatial heterogeneity in percent tree cover relative to HRV.
The departure index is less than -1 if the current stand has relatively homogeneous tree cover compared to
HRV, and the obvious restoration objective for these stands would be to increase the spatial variability in
tree cover.
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Figure 63. Stand-level departure index (unbounded) for the Coefficient of Variation (CV) in site-level (i.e.,
40 m radius window around each focal cell) percent tree cover for the North Yuba portion of the Upper Yuba
River watershed project area. The departure Index represents the devation of the current stand condition
from its historical range of variability (HRV), as simulated. Values < -1 represent a current condition that
is less than the HRV for the stand, and increasingly negative values represent increasing degrees of negative
departure.

For example, the focal stand depicted in Figure 64) illustrates a stand currently with a mean percent tree
cover of 44.78 and a standard deviation of 8.06, resulting in a CV of 18%. In contrast, the sample reference
condition under historical dynamic equilibrium conditions shown here has a mean percent tree cover of 52.96
and a standard deviation of 24.36, resulting in a CV of 46%. Note that in this case the mean percent tree
cover is somewhat different between stand conditions, but the sample reference condition has much greater
relative variability about the mean as reflected in the greater CV. This stand ended up with a departure
index of -3.6 and thus a corresponding departure score of 3.
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Figure 64. Focal stand depicting percent tree cover at the 5 m cell level for the current stand condition and
a sample reference condition under historical dynamic equilibrium conditions for the North Yuba portion of
the Upper Yuba River watershed project area.

Composite departure index

We combined the 10 stand-level departure indices above dealing with vegetation composition and configu-
ration into a single composite stand departure index (Figure 65). This composite departure index can be
interpretted as a measure of overall stand departure in vegetation composition and configuration within the
forested portion of the stand. Maximum departure occurs when stands have too little Open forest area, too
few Large trees, too little diversity in forest developmental stages (i.e., tree heights) and tree size classes
(i.e., dbh), too little variability in the size of patches based on forest developmental stage and tree size,
and too little spatial variability in percent tree cover and weighted average tree size (i.e., QMD) relative to
HRV. In other words, maximum departure occurs when the forested portion of stands are too closed-canopy,
depauperate in Large trees, and too homogeneous in vegetation composition and configuration. Note, this
composite departure index, as with the individual component indices, focuses on stands that depart from
HRV in one or more aspects of forest vegetation composition and configuration in the direction that is of
most concern regarding ecological restoration of historical reference conditions. For example, we are most
concerned with stands that currently have too little compositional diversity compared to HRV, and are
generally not concerned with stands that currently have greater compositional diversity compared to HRV.
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Figure 65. Stand-level composite departure index (unbounded) composed of a weighted combination of
10 individual departure metrics for the North Yuba portion of the Upper Yuba River watershed project
area. The composite departure Index represents the percentage of maximum departure of the current stand
condition from its historical range of variability (HRV), as simulated. Larger values indicate increasing
degrees of departure.

We derived the composite departure index as follows. We assigned equal weight to the three major vegetation
attributes encompassed by the landscape metrics: 1) tree cover, 2) tree developmental stage (i.e., height),
and 3) tree size (i.e., dbh). Accordingly, we computed a weighted sum of the 10 component departure scores,
in which each metric was scored on the range of 0-5 (see above), and divided the sum by the maximum score
of 15 times 100, as follows:

CDIi =
∑

[ci + 0.25d1
i + 0.25d2

i + 0.25d3
i + 0.25d4

i + 0.2s1
i + 0.2s2

i + 0.2s3
i + 0.2s4

i + 0.2s5
i ]

15 100

where:

• ci = CV in tree cover departure score for the ith stand;
• d1

i = percent Open forest departure score for the ith stand;
• d2

i = Simpson’s diversity of developmental stages departure score for the ith stand;
• d3

i = CV in Open patch size departure score for the ith stand;
• d4

i = CV in developmental stage patch size departure score for the ith stand;
• s1

i = percent Large tree departure score for the ith stand;
• s2

i = Simpson’s diversity of tree size classes departure score for the ith stand;
• s3

i = CV in Large tree patch size departure score for the ith stand;
• s4

i = CV in patch size based on tree size departure score for the ith stand;
• s5

i = CV in Quadratic Mean Diameter departure score for the ith stand;
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• CDIi = composite departure index for the ith cell.

Thus, as weighted, the single metric based on percent tree cover, the combined 4 metrics based on develop-
mental stage, and the combined 5 metrics based on tree size had equal weight. The weighted sum was divided
by the maximum possible score of 15 and multipled by 100 to convert to a percentage of maximum. Thus,
the final composite index can be interpretted as the percent of maximum possible departure. A composite
departure index of 100 would occur if the stand received a departure score of 5 for all 10 metrics.

The distribution of the composite departure index for stands within the North Yuba River watershed is
depicted in Figure 66. The majority of stands had a composite departure index of < 10, indicating at most
some modest departure in one or only a few of the metrics, i.e., in only some aspects of forest vegetation
composition and configuration. Approximately 26% of the stands had a composite departure index between
10-35, indicating either substantial departure in one or at most a few metrics or modest departure in several
of the component metrics, i.e., in many different aspects of forest vegetation composition and configuration.
These latter stand are the logical ones to prioritize for restoration treatment - should that be the goal.
Importantly, the composite departure index can serve as a first stage in identifying and prioritizing stands
for treatment, but specific objectives and treatments for each stand requires decomposing the composite
index into the component metrics to determine which aspects of the forest vegetation composition and/or
configuration are most departed.

Figure 66. Histogram of the stand-level composite departure index (unbounded) which is composed of a
weighted combination of 10 individual departure metrics for the North Yuba portion of the Upper Yuba River
watershed project area. The composite departure Index represents the percentage of maximum departure
of the current stand condition from its historical range of variability (HRV), as simulated. Larger values
indicate increasing degrees of departure.
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Fire Return Intervals

Mean point-specific Fire Return Interval (FRI) represented the average number of years between fire events
at the 5 m cell level. We interpreted the observed mean FRI after model equilibration (N = 200 timesteps) at
the cell level as a single integrated (albeit not comprehensive) summary of the historical wildfire disturbance
regime

We summarized FRI at the cell level (Figure 67) primarily for the purpose of providing guidance for stand-
and project-level planning and management; i.e., the scale at which individual treatments and collections
of treatments (projects) are planned and implemented. Indeed, FRI is often a major consideration in the
choice of fuels treatments applied to individual stands within projects, although, we acknowledge that many
other factors will likely play an important role in fuels management at the stand level.

Figure 67. Fire Return Interval (FRI) (yrs) at the 5 m cell level in the Upper Yuba River watershed project
area.

In addition to the map of FRI, we also quantified the variation among cells in FRI by BPC. Here, the emphasis
was on the spatio-temporal range of variability in fire occurrence at the spatial extent of the individual cell.
The “spatio-temporal” variability stems from the fact that we measured the variability both across cells (i.e.,
spatial variability) and over time as represent by FRI (i.e., temporal variability). The measured variability
was specific to this particular landscape and landscape extent owwing to the idiosyncrasies of landscapes.
Importantly, the variability would likely differ if the landscapes features that affect wildfire were to differ or
if we were to change the spatial grain of the assessment from 5 m to say 30 m.

For this purpose, we computed select percentiles of the FRI distribution for each BPC, in which the range
in values between the 2.5 and 97.5 percentiles represents the 95% range of variability in FRI analogous to a
95% confidence interval, as given in the following table:
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BPC HRV2.5% HRV25% HRV50% HRV75% HRV97.5%
Low 17 23 26 34 115
ModLow 19 25 29 44 82
ModHigh 20 26 32 45 84
High 21 29 37 51 100

The results indicate that the median FRI inceased steadily from 26 to 37 years with increasing site produc-
tivity (i.e., Low to High BPC). Low productivity sites that occurred disproportionately on upper slopes and
ridgetops and southwesterly aspects were warmer and drier and thus more susceptibile to wildfire, despite
having less fuel build-up over time. Conversely, High productivity sites that occurred disproportionately on
lower slopes and valley bottoms and on northeasterly aspects were cooler and wetter and thus less suscep-
tibile to wildfire, despite having more fuel build-up over time. The relatively short median FRIs across all
sites indicates that historically wildfires typically occurred frequently enough to keep surface and ladder fuel
loads low enough to reduce the occurrence of high-severity wildfire.

The results also indicate that the HRV in FRI varied several-fold across sites within each BPC. For example,
on High productivity sites FRI varied almost five-fold (between 21-100 years) across sites. The wide range
of variation in FRI within BPCs indicates that wildfire risk varied markedly across sites even within a
single BPC and, consequently, that FRI is only loosely correlated with predicted cumulative tree biomass -
which was the basis for the BPC classification. Thus, for example, sites classified as having high long-term
productivity under historical dynamic equilibrium conditions could have FRIs as short as 21 years or as
long as 100 years depending on local topgraphic and vegetative conditions and chance. This is also visually
evident in the map of FRI for the High site productivity BPC (Figure 68).
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Figure 68. Fire Return Interval (FRI) (yrs) at the 5 m cell level in the Upper Yuba within the High site
productivity Biophysical Class (BPC) in the Upper Yuba River watershed project area.

Vegtation Persistance

We defined vegetation persistance as the likelihood of persisting in either an early- or late-seral condition at
the 5 m cell level. We interpreted the observed mean FRI of high-mortality wildfires after model equilibration
(N = 200 timesteps) at the cell level as a proxy for vegetation persistance, under the assumption that locations
with shorter high-mortality FRIs would likely persist longer in early-seral stages and, conversely, locations
with longer high-mortality FRIs would likely persist longer in late-seral stages.

The map of high-mortality FRI (Figure 69) provided a proxy for vegetation persistance that can be used as
a stand-alone product to aid in the spatial planning and management of vegetation treatments. For example,
areas with a greater likelihood of persisting in late-seral forest condition (i.e., longer high-mortality FRI)
might be priorities for managing habitat for late-seral dependent species such as the California spotted owl
(Strix occidentalis occidentalis).

Figure 69. High-mortality Fire Return Interval (FRI) (yrs) at the 5 m cell level in the Upper Yuba River
watershed project area.

The map depicts several areas with relatively long high-mortality FRIs (dark blue areas in the map) and
these are sites that have a high likelihood of supporting late-seral vegetation under a natural distubance
regime. Conversely, the map depicts several areas with relatively short high-mortality FRIs (yellow and
orange areas in the map) and these are sites that have a high likelihood of supporting early-seral vegetation
much of the time under a natural disturbance regime. Accordingly, management objectives for these areas
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could be designed to capitalize on these focal areas. For example, establishing treatment objectives to
maintain and enhance late-seral conditions for old forest associated species in areas with a lower likelihood
of high-mortality wildfire (i.e., longer FRI) would be logical.

Large Forest Openings

We defined large forest openings as contiguous forested cells in the Open developmental stage (i.e., no
established trees to breast height) encompassing a minimum of 0.04 ha (0.1 acres). Contiguity was based on
the 4-neighbor rule (i.e., orthogonal neighbors) that ensured a minimum width of 5 m for any opening. Our
definition is not to be confused with how large forest openings have been defined in other applications (e.g.,
Jeronimo et al. 2019), and thus any comparison with other studies must be done with care.

We summarized HRV and current departure in large forest openings primarily for the purpose of providing
guidance for stand- and project-level planning and management; i.e., the scales at which individual treatments
and collections of treatments (projects) are planned and implemented. Indeed, the number, size and spatial
distribution of large forest openings is often a major consideration in the design of treatments applied to
individual stands within projects. However, these results may also be useful at the landscape level for
monitoring and adaptive management.

We treated each patch of large forest opening as the spatial extent of interest. In this case, the spatial extent
varied among patches and thus the spatial scale of this assessment was not explicitly defined. Instead, we
treated each patch of large forest opening as the unit of interest. We used variability in the number, size
and spatial character of the patches to describe the condition of each BPC across the landscape, and the
variability we measured was the spatio-temporal range of variability in landscape structure at the spatial
extent of the individual patch - a large forest opening in this case. The “spatio-temporal” variability stems
from the fact that we measured the variability both across patches within a single time step (i.e., spatial
variability) and over time (i.e., temporal variability). Importantly, the measured variability was specific to
this particular landscape and landscape extent owwing to the idiosyncrasies of landscapes. Importantly, the
variability would likely differ if we were to define “patches” differently.

For the purpose of measuring HRV, the landscape at each time step of the simulation after model equilibration
(N = 200 timesteps) represented a single snapshot of what the landscape condition could have been like at
any point in time under historical dynamic equilibrium conditions, but here we focused on the conditions
pertaining to patches of large forest openings in each snapshot. Because of the enormous size of the data sets
being generated, we evaluated snapshots of the landscape at 20-year (or 4 time step) intervals after model
equilibration for a total of 51 snapshots. However, for some of the metrics even this sampling intensity
was impractical, so for these metrics (Patch size, Patch radius of gyration, Patch shape index, and Patch
core area index; see below), we evaluated snapshots of the landscape at 100-year (or 20 time step) intervals
afer model equilibration for a total of 11 snapshots. In either case, we defined HRV as the range in values
between the 2.5 and 97.5 percentiles, which represents the 95% range of variability in the metric under
historical dynamic equilibrium conditions, analogous to a 95% confidence interval.

We measured the spatial configuration of large forest openings at the patch level with the following suite of
metrics (note, all of these metrics deal with the spatial aspect of large forest openings but in different ways):

• Patch density - Patch density (PD) equaled the number of large forest openings per 100 hectares. PD
was based on the individual patches but was summarized at the landscape level (i.e., a single value for
the landscape); thus, the HRV was across time steps or landscape snapshots under dynamic equilibrium
conditions (i.e., temporal variability) and the current landscape was a single value. Patch density is a
measure of landscape composition.

• Disjunct core area density - Disjunct core density (DCAD) equaled the number of disjunct “core” areas
of forest openings per 100 hectares. The patch “core” represented the area in the interior of a large
forest opening that was greater than a specified distance from the patch edge. Here, we defined the
depth-of-edge effect distance to be that of the height of the tree in the adjacent cell. Thus, an adjacent

93



cell with a 20-m tall tree would penetrate into the forest opening 20 m, leaving any area in the opening
beyond 20 m as part of the “core”. Each adjacent cell on the periphery of the large forest opening
was evaluated separately for its edge effect distance. DCAD was based on the individual disjunct core
area patches but was summarized at the landscape level (i.e., a single value for the landscape); thus,
the HRV was across time steps or landscape snapshots under dynamic equilibrium conditions (i.e.,
temporal variability) and the current landscape was a single value.

• Patch size - Patch size (AREA) equaled the area (ha) of a large forest opening. We quantified HRV
as the variability in AREA among patches and over time under dynamic equilibrium conditions (i.e.,
spatio-temporal variability), and CRV as the variability in AREA among patches in the current land-
scape (i.e., spatial variability).

• Patch radius of gyration - Patch radius of gyration (GYRATE) equaled the average distance (m)
between locations within a large forest opening, and was a measure of patch extensiveness. Holding
patch size constant, as GYRATE increased the distance one could travel and remain within the same
patch increased. We quantified HRV as the variability in GYRATE among patches and over time
under dynamic equilibrium conditions (i.e., spatio-temporal variability), and CRV as the variability in
GYRATE among patches in the current landscape (i.e., spatial variability).

• Patch shape index - Patch shape index (SHAPE) equaled the standardized ratio of patch perimeter to
patch area, such that a square patch always had a shape index = 1 and as the length of patch perimeter
increased per unit area the shape index increased proportionally. Patch shape was a measure of the
geometric complexity of large forest openings. We quantified HRV as the variability in SHAPE among
patches and over time under dynamic equilibrium conditions (i.e., spatio-temporal variability), and
CRV as the variability in SHAPE among patches in the current landscape (i.e., spatial variability).

• Core area index - Core area index (CAI) equaled the percentage area of the patch that was “core”,
regardless of how many disjunct cores there were in the same large forest opening. Note, a large and
geometrically complex forest opening could potentially have multiple disjunct cores. We quantified
HRV as the variability in CAI among patches and over time under dynamic equilibrium conditions
(i.e., spatio-temporal variability), and CRV as the variability in CAI among patches in the current
landscape (i.e., spatial variability).

The HRV and current departure in the density of large forest openings (i.e., Patch Density [PD]) and
corresponding disjunct core areas (i.e., Disjunct Core Area Density [DCAD]) is given in the following table:

BPC Metric HRV
2.5%

HRV
25%

HRV
50%

HRV
75%

HRV
97.5%

Current
Value

Current
%HRV

Low PD 2.25 12.51 53.67 106.84 168.75 250.91 +
Low DCAD 0.21 2.29 12.48 26.19 34.71 153.17 +
ModLow PD 2.57 19.27 87.01 159.60 297.16 430.64 +
ModLow DCAD 0.40 3.44 17.10 37.75 52.24 220.63 +
ModHigh PD 1.93 15.18 67.11 122.20 248.76 309.05 +
ModHigh DCAD 0.19 2.10 9.57 19.93 32.69 151.85 +
High PD 1.22 7.35 32.65 59.83 120.16 123.72 99
High DCAD 0.07 0.70 3.39 6.39 11.74 62.40 +

Current %HRV is the Current value as a percentile of the HRV; + = Current value is greater than the
maximum HRV value, or "positive" departure; - = Current value is less than the minimum HRV value
or "negative" departure

The results indicate that under historical dynamic equilibrium conditions the forest landscape contained
anywhere between ~ 1-300 large forest openings per 100 hectares, whereas the current landscape has an
estimated ~ 60-430 per 100 hectares, depending on site productivity. The over-abundance of large openings
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in the current landscape across all BPCs is likely due to recent land use activities and severe wildfires that
have created an abundance of large forest openings. In general, the density of disjunct core forest openings
was ~ 10-25 percent of large forest openings under historical reference conditions, indicating that the vast
majority of the simulated large forest openings were geometrically very complex (i.e., relatively narrow and
convoluted in shape) such that most of the area in large forest openings was within a tree height of a forest
edge. Conversely, the density of disjunct core forest openings in the current landscape is ~ 50-60 % of large
forest openings, indicating that many of the large forest openings are large enough and/or simple enough
in shape to support a core area, such as would be the case from land use activities such as clearcutting on
private forest lands and mining.

The HRV versus CRV in the Area (AREA), Radius of Gyration (GYRATE), Shape Index (SHAPE), and
Core Area Index (CAI) of large forest openings is given in the following table:

BPC Metric Scenario HRV
2.5%

HRV
25%

HRV
50%

HRV
75%

HRV
97.5%

Low AREA CRV 0.04 0.05 0.08 0.15 1.92
Low AREA HRV 0.04 0.06 0.08 0.17 1.79
Low GYRATE CRV 9.29 11.77 14.72 21.33 77.72
Low GYRATE HRV 9.14 11.49 14.40 21.18 71.80
Low SHAPE CRV 1.44 1.89 2.17 2.75 7.19
Low SHAPE HRV 1.40 1.83 2.17 2.73 6.23
Low CAI CRV 0.00 0.00 0.00 0.00 44.83
Low CAI HRV 0.00 0.00 0.00 0.00 5.88
ModLow AREA CRV 0.04 0.05 0.08 0.15 1.58
ModLow AREA HRV 0.04 0.05 0.08 0.16 1.21
ModLow GYRATE CRV 9.26 11.75 14.71 20.99 74.09
ModLow GYRATE HRV 9.07 11.38 14.13 20.20 58.62
ModLow SHAPE CRV 1.44 1.89 2.17 2.72 6.83
ModLow SHAPE HRV 1.40 1.80 2.10 2.62 5.32
ModLow CAI CRV 0.00 0.00 0.00 0.00 46.18
ModLow CAI HRV 0.00 0.00 0.00 0.00 0.00
ModHigh AREA CRV 0.04 0.05 0.08 0.14 1.15
ModHigh AREA HRV 0.04 0.05 0.08 0.15 0.89
ModHigh GYRATE CRV 9.28 11.70 14.56 20.60 63.84
ModHigh GYRATE HRV 9.03 11.26 13.88 19.46 50.33
ModHigh SHAPE CRV 1.44 1.82 2.11 2.67 6.03
ModHigh SHAPE HRV 1.40 1.78 2.09 2.54 4.76
ModHigh CAI CRV 0.00 0.00 0.00 0.00 50.98
ModHigh CAI HRV 0.00 0.00 0.00 0.00 0.00
High AREA CRV 0.04 0.05 0.07 0.13 1.02
High AREA HRV 0.04 0.05 0.08 0.14 0.66
High GYRATE CRV 9.18 11.61 14.39 20.03 61.09
High GYRATE HRV 9.00 11.16 13.61 18.54 43.10
High SHAPE CRV 1.40 1.80 2.10 2.57 5.34
High SHAPE HRV 1.40 1.78 2.07 2.47 4.31
High CAI CRV 0.00 0.00 0.00 2.94 64.13
High CAI HRV 0.00 0.00 0.00 0.00 0.00

The results indicate that under historical dynamic equilibrium conditions large forest openings 95% of the
time were between ~0.04-1.8 ha in size, with an average distance to the patch centroid between ~10-72 m,
and only rarely contained any core area defined as greater than tree-height distance from the edge of the
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opening, depending on site productivity. The majority of large forest openings were < 0.08 ha (~0.2 acres)
regardless of site productivity. The largest forest openings, except for extreme cases not reported in the
table, which reached 64 ha in size, were < 1.79 ha (~4.5 acres), and decreased in size with increasing site
productivity. Thus, the largest forest openings were found on the lowest productivity sites.

The results also indicate that the distribution of patch size, radius of gyration, shape and core area index of
large forest openings in the current landscape (CRV) was relatively similar to the simulated HRV across all
BPCs, with a couple of notable exceptions. First, the disparty between CRV and HRV in the 97.5 percentile
value of the core area index (CAI) across all BPCs indicates that the current landscape contains some very
large forest openings with extensive core areas resulting from their large size and simple shape that were
rarely observed under HRV. Second, although not presented in the table, the current landscape has some
very large and extensive patches of forest openings that were not realized in the simulation. For example, the
largest forest opening in the current landscape was almost five times larger than was simulated under HRV
(322 vs 65 ha). Moreover, the disparity between the largest simulated historical forest opening and current
forest opening increased with increasing site productivity; in other words, we simulated somewhat smaller
large forest openings on highly productive sites but human land use activities have created the largest forest
openings on the most productive sites.

The observations above are further illustrated in Figure 70 for the randomly selected 8-ha (20-acre) focal
stand. The figure depicts large forest openings in the focal stand for the current landscape and three random
snapshots under historical dynamic equilibrium conditions.

Figure 70. Large forest openings (> 0.04 ha or 0.1 acres and > 5 m mininum width) within a single randomly
selected 8-ha (20-acre) forest stand in the Upper Yuba River watershed project area for the current landscape
and three random snapshots under historical dynamic equilibrium conditions.
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The figure illustrates some of the key findings described above. First, there was considerable variability in
number and size of large forest openings among the three historical snapshots, reflecting the stochasticity
in high-mortality disturbances. Specifically, the focal stand had as many as six large forest openings (or
technically nine given the 5 m minimum width rule in which what appears to be single large openings were
actually subdivided into two or more based on narrow pinchpoints in the openings) and as few as none in
these three timesteps, and likely had even more at some point(s) in time. Second, the large forest openings
were consistently geometrically complex patches with little to no interior (i.e., core) areas greater than a tree
height from the nearest forest edge. Thus, most of the open areas in these large openings were in fact less
than a tree height from the nearest established tree and thus perhaps dominated by edge effects. This does
not preclude the possibility that at some point in time this stand may have had one or more very large forest
openings that would have contained one or more disjunct core areas. In fact, given that the largest forest
opening simulated was 64 ha, it is possible even though highly improbable that this entire forest stand could
have been part of a much larger forest opening at some point in time under historical dynamic equilibrium
conditions.

Isolated Trees

We defined isolated trees as single established trees in any stage of development (i.e., Sapling - Tall-tree)
within forest openings having a minimum distance of 5 m to the nearest established tree. Thus, an isolated
tree had at a minimum all 8 of its neighboring cells in an Open developmental stage.

We summarized HRV and current departure in isolated trees primarily for the purpose of providing guidance
for stand- and project-level planning and management; i.e., the scales at which individual treatments and
collections of treatments (projects) are planned and implemented. Indeed, the number and spatial distribu-
tion of isolated trees is often a major consideration in the design of treatments applied to individual stands
within projects. However, these results may also be useful at the landscape level for monitoring and adaptive
management.

For the purpose of measuring HRV, the landscape at each time step of the simulation after model equilibration
(N = 200 timesteps) represented a single snapshot of what the landscape condition could have been like at
any point in time under historical dynamic equilibrium conditions, but here we focused on the conditions
pertaining to individual isolated trees within forest openings in each snapshot. Because of the enormous size
of the data sets being generated, we evaluated snapshots of the landscape at 20-year (or 4 time step) intervals
after model equilibration for a total of 51 snapshots. We defined HRV as the range in values between the 2.5
and 97.5 percentiles, which represents the 95% range of variability in the metric under historical dynamic
equilibrium conditions, analogous to a 95% confidence interval.

We quantified the composition and spatial configuration of isolated trees at the landscape level with the
following two metrics:

• Isolated Tree Density - Isolated tree density equaled the number of isolated trees per 100 hectares and
is a measure of landscape composition as it deals solely with how many isolated trees there are, not
how they are arranged.

• Isolated Tree Aggregation - Isolated tree aggregation was represented by the Ripley’s K-distribution.
Ripley’s K is a scale-dependent measure of spatial aggregation relative to randomness that is computed
across a range of spatial scales. A permutation procedure is used to develop a confidence envelope for
expected values under spatial randomness across the range of scales considered, and observed values
that fall outside of the null enveloped are determined to be either more clumped or more uniform than
expected. We computed the Ripley’s K-distribution for isolated trees within each BPC and described
the spatial scale at which isolated trees exhibited their strongest degree of non-random clumping or
aggregation; i.e., the distance (m) between isolated trees at which they tend to occur in aggregations.
Ripley’s K measure of isolated tree aggregation is a measure of landscape configuration as it deals with
the spatial arrangement of isolated trees.
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The HRV and current departure in Isolated Tree Density by BPC is given in the following table:

BPC Metric HRV
2.5%

HRV
25%

HRV
50%

HRV
75%

HRV
97.5%

Current
Value

Current
%HRV

Low densityHa 4.74 11.09 35.38 63.94 110.54 154.19 +
ModLow densityHa 2.03 5.39 20.55 37.62 72.49 119.30 +
ModHigh densityHa 1.63 4.11 13.72 24.49 50.57 81.89 +
High densityHa 0.99 2.45 8.51 14.82 30.71 36.18 +

Current %HRV is the Current value as a percentile of the HRV; + = Current value is greater than the
maximum HRV value, or "positive" departure; - = Current value is less than the minimum HRV value
or "negative" departure

Recall that Isolated Tree Density is reported as the number of isolated trees per 100 ha; hence, the numbers
are relatively small. Given this consideration, the results indicate that under historical dynamic equilibrium
conditions the forest maintained anywhere between ~1-111 isolated trees per 100 ha, depending on site
productivity. The density of isolated trees decreased with increasing site productivity, corresponding to the
decrease in the number and size of large forest openings. In addition, the current landscape has 20-40 %
more isolated trees per 100 ha than the upper range of HRV, and the magnitude of departure decreases
with increasing site productivity (i.e., the greatest departure is on the lowest productivity sites). Overall,
the current positive departure is likely due to the relative abundance of large openings containing scattered
isolated trees in the current landscape due to past land use and fire activity.

The Ripley’s K analysis indicated significant clumping of isolated trees at all spatial scales, as depicted in
Figure 71:

Figure 71. Ripley K-distribution for isolated trees in forest openings pooled across Biophysical Classes in
the Upper Yuba River watershed project area, including the mean and 2.5-97.5 percentile range of variation
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across timesteps under historical dynamic equilibrium (i.e., HRV) and the Current landscape distribution.
Positive values in the transformed Ripley K (L(d)-d) indicate non-random aggregation or clumping of isolated
trees at the given distance (m)

In other words, isolated trees were aggregated more than expected by chance at all scales due to the pattern
of high mortality within wildfires - leaving isolated trees - and the patchy distribution of wildfires across
the landscape over time. Combined, these wildfire processes created a complex and spatially heterogeneous
mosaic of open areas with isolated trees. In addition, although not statistically significant, there was a
strong indication of much greater aggregation at all scales under HRV than in the current landscape, likely
reflecting the heterogenous pattern of natural disturbances compared to the more uniform disturbance of
human land use.

Site-level Conditions for Project-level Planning and Management

The results presented in this section address landscape metrics quantified at the “site” level, which we defined
as a 40-m radius window around each focal cell. Here, each site (focal cell) within a BPC has a single value
computed for each landscape metric for each point in time (i.e., snapshot), and the HRV represents the
variation in the landscape metric across sites and over time under historical dynamic equilibrium conditions,
thus representing spatio-temporal variability. Here, the landscape at each time step of the simulation after
model equilibration (N = 200) represented a single snapshot of what the landscape condition could have
been like at any point in time under historical dynamic equilibrium conditions, but here we focused on the
conditions at the site-level in each snapshot. Because of the enormous size of the data sets being generated,
we evaluated every cell as the focal cell of a site, but only at 100-year (or 20 time step) intervals after model
equilibration, for a total of 11 landscape snapshots and millions of site-level observations. In addition, the
current landscape also has a range of values across sites (CRV), rather than a single value computed for
the entire landscape as a whole as at the landscape level. Thus, a comparison of HRV and CRV involves
comparing two distributions, and “current departure” represents the degree to which CRV deviates from
HRV.

Together, the site-level HRV and CRV provide a framework for stand- and project-level planning and man-
agement. Specifically, the site-level HRV provides a quantitative basis for establishing desired conditions
based on a goal of ecological restoration of historical reference conditions, and the site-level CRV provides a
quantitative benchmark for determining the direction and magnitude of change needed to move the current
landscape towards HRV should that be the goal. Ultimately, the site-level HRV and CRV together provide
a quantitative basis for determining management objectives and treatment alternatives at the stand and
project levels, should ecological restoration of historical reference conditions be the goal.

The site-level results below should be interpreted with the following considerations in mind:

• First, it is important to understand that here the emphasis was on the spatio-temporal range of vari-
ability in landscape structure at the spatial extent of the individual site - the 40-m radius neighborhood
around each focal cell. The “spatio-temporal” variability stems from the fact that we measured the
variability both across sites within a single time step (i.e., spatial variability) and over time (i.e., tempo-
ral variability) for HRV. Importantly, the measured HRV was still specific to this particular landscape
and landscape extent owwing to the idiosyncrasies of landscapes. Importantly, the HRV would likely
differ if we were to define “site” at a different scale.

• Second, it is important to understand that site-level variation is likely to be considerably greater than
landscape-level variation, for the simple reason that small areas have the potential to take on the full
range of potential conditions (e.g., from no canopy cover to complete canopy cover), whereas larger
areas are less likely to exhibit the extreme conditions because local changes in vegetation conditions
are likely to be subsumed within the much larger landscape. Importantly, the wider range of variation
in landscape structure at the site level does not mean that “anything goes” and that management has
license to promote any landscape condition (given that desired conditions are based on HRV). Rather,
it is the distribution of landscape conditions across sites (and over time under HRV) that may serve
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as the target for desired conditions. The “distribution” of site-level conditions, not any particular site
condition, is the appropriate use of the site-level HRV.

• Third, it is important to distingish between “site” and “stand”. Here, we chose to summarize HRV
and CRV at the 40-m radius site level so as to maintain constancy in the spatial scale of a site. Thus,
every site has the same spatial exent - a 40-m radius window around the focal cell. This facilitates
comparison of metrics across space (i.e., from one site to another) and over time. In contrast, as
described previously, a “stand” is user-defined based on objectives and thus can vary widely from user
to user and from one application to another. More importantly, as noted previously, a stand does
not have an explicitly defined single spatial scale; i.e., stands can vary in size and often dramatically
so depending on how they are defined. Thus, while a stand is a useful concept and is the basis for
management within projects, it serves poorly for computing landscape metrics for comparative purposes
(i.e., for comparing one place to another place).

• Fourth, we summarized HRV and current departure at the site level primarily for the purpose of
providing guidance for stand- and project-level planning and management; i.e., the scales at which
individual treatments and collections of treatments (projects) are planned and implemented. The
choice of a 40-m radius neighborhood for the site-level scale was based on two major factors. First,
many important ecological processes such as tree establishment, growth and comptetition are affected
by environmental conditions within the distance of a single mature tree. In other words, the ecological
neighborhood within which a tree significantly affects its surroundings or is significantly affected by
its neighborhood is often considered to be that of a single tree height. This may be especially true for
processes affected by light levels, which is often a limiting factor for tree establishment and growth. We
considered a tree ~40 m tall to be a “tall” tree in our classification of developmental stages, and thus
we used this distance to define the ecological neighborhood corresponding to a “site”. Second, we chose
a scale that was practical for management in the field; e.g., the scale at which a forester or biologist in
the field could easily assess stand conditions. We considered 40 m to be a reasonable compromise in
this regard; small enough to be able to effectively “see” the vegetation condition from a single location,
and yet large enough to account for ecological conditions of importance. We recognized that there
was “no one size to fit all” in this regard. Nevertheless, we deemed the advantages of a single scale
for “site” to outweigh the disadvantages. In particular, given the scale-dependent nature of landscape
metrics, having a single and consistent scale for measuring HRV made the interpretation of the results
unambiguous.

At the site level, the landscape metrics are presented in both tabular and graphical form. The tabular format
is illustrated here:

What is important to note here is that the HRV is presented as a select set of quantiles, in which the HRV2.5%
- HRV97.5% range represents the 95% range of variability in the metric under historical dynamic equilibrium
conditions, and that the current condition also has a quantile distribution representing the variation among
sites in the current landscape (a.k.a., Current Range of Variability, CRV). Thus, here the emphasis is on the
differences between the two distributions: HRV versus CRV.

The graphical form of the results are presented as a box-and-whisker plot, in which the median value is
represented as a solid black horizontal line, the 25-75th percentiles as the box, and the 2.5-97.5th percentiles
as solid black lines extending outward from the box. Here, both the CRV and HRV have box-and-whisker
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distributions. Consequently, the CRV and HRV distributions are presented beside each other as paired
box-and-whisker plots, as shown here.

To enhance the interpretation of the site-level results we also included maps, as appropriate, to illustrate the
HRV and current condition of a single sample stand. For this purpose, we adopted the stands delineated for
the General Survey – A base dataset that informs initial project questions that drive management scope and
direction. The General Survey is an aggregation of the 2014 Tahoe National Forest (TNF) EcObject dataset
by refined CWHR classification, slope (operability), and ladder fuel concentrations. The General Survey was
then re-populated with 2014 EcObject data, 2018 Pyrologix fire and fuels data, 2018 SilviaTerra generated
tree lists, eDaRT and Historical Range of Variability and current condition data from this study. We selected
a single 8-ha (20-acre) stand on a High to Moderately High productivity site from the General Survey as an
example (Figure 72), primarily to depict: 1) within-stand site-level variation in vegetation conditions, 2)
variation in site-level vegetation conditions within the stand over time, and 3) current condition of the stand
for comparison. We maintained consistent use of the same stand for all results where a map was deemed
useful.
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Figure 72. Focal stand chosen to help illustrate site-level results within a single designated stand in the Upper
Yuba River watershed project area. The 8-ha (20-acre) stand on High to Moderately High site productivity
was randomly selected from the General Survey stands (see text for details).

Note, in the subsections to follow, we included only those landscape metrics that we deemed appropriate
for use in guiding stand- and project-level planning and management. Importantly, we acknowledge that
historical reference conditions are only one consideration in establishing stand- and project-level objectives
and treatments and may be more useful in some parts of landscape than others. It is not the purpose of this
document to suggest where historical reference conditions should be used to inform stand- and project-level
objectives and treatments or whether they should be used at all.

Developmental Stage

Developmental stage at the site level was based on discrete stages of canopy height development. We
quantified the composition of forest developmental stages at the site level based on the percentage of the
forested portion of the site in each developmental stage.

The HRV and CRV in Developmental stage composition by BPC at the site level is given in the following
table and depicted in Figure 73:
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BPC Class Scenario HRV
2.5%

HRV
25%

HRV
50%

HRV
75%

HRV
97.5%

Low Open CRV 1 16 34 52 88
Low Open HRV 2 6 12 25 69
Low Sapling CRV 1 6 11 17 38
Low Sapling HRV 0 8 20 34 68
Low Pole CRV 2 11 17 26 51
Low Pole HRV 0 4 10 21 56
Low ShortTree CRV 0 7 15 23 46
Low ShortTree HRV 0 4 9 18 49
Low MedTree CRV 0 2 8 21 56
Low MedTree HRV 3 15 25 37 63
Low TallTree CRV 0 0 0 1 16
Low TallTree HRV 0 0 2 5 16
ModLow Open CRV 1 10 27 47 83
ModLow Open HRV 2 6 10 20 57
ModLow Sapling CRV 1 6 11 17 42
ModLow Sapling HRV 0 5 15 26 57
ModLow Pole CRV 2 10 16 25 53
ModLow Pole HRV 1 5 11 21 52
ModLow ShortTree CRV 0 8 15 24 47
ModLow ShortTree HRV 1 4 9 16 43
ModLow MedTree CRV 0 3 12 26 58
ModLow MedTree HRV 5 19 30 41 64
ModLow TallTree CRV 0 0 0 3 25
ModLow TallTree HRV 0 3 7 13 28
ModHigh Open CRV 0 6 19 39 76
ModHigh Open HRV 2 6 10 18 50
ModHigh Sapling CRV 1 6 11 18 43
ModHigh Sapling HRV 0 2 12 23 51
ModHigh Pole CRV 2 10 16 25 54
ModHigh Pole HRV 0 5 11 19 46
ModHigh ShortTree CRV 1 9 15 24 48
ModHigh ShortTree HRV 1 4 9 15 38
ModHigh MedTree CRV 0 5 16 32 60
ModHigh MedTree HRV 6 19 29 40 62
ModHigh TallTree CRV 0 0 1 6 37
ModHigh TallTree HRV 1 8 14 21 39
High Open CRV 0 3 8 21 64
High Open HRV 2 5 9 16 43
High Sapling CRV 1 4 9 17 44
High Sapling HRV 0 1 8 19 43
High Pole CRV 2 8 15 24 54
High Pole HRV 0 3 9 17 39
High ShortTree CRV 1 9 16 25 48
High ShortTree HRV 0 4 8 14 34
High MedTree CRV 0 11 25 40 63
High MedTree HRV 5 16 23 33 54
High TallTree CRV 0 0 4 15 50
High TallTree HRV 7 20 28 38 57
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Figure 73. Historical Range of Variability (HRV) and Current range of variabiilty (CRV) among sites (i.e.,
40-m radius window) in the percent of forested area in each developmental stage within the Low, Moderately
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Low, Moderately High and High site productivity Biophysical Classes (BPCs) in the Upper Yuba River
watershed project area. Box = 25-50 percentiles; whiskers = 2.5-97.5 percentiles

The results indicate that under historical dynamic equilibrium conditions (i.e., HRV) 95 percent of the time
Low productivity sites had anywhere between 2-69 % of their area in the Open stage (i.e., no trees established
to breast height), whereas High productivity sites had anywhere between 2-43 % in Open. Thus, across the
landscape Low productivity sites maintained more area in the Open stage than higher productivity sites.
Moreover, the only sites with a majority in the Open stage (i.e., > 50 % of the area) occurred on Low and
Moderately Low productivity sites.

As expected, the results also indicate that under HRV there was wide range of variation in the site-level
composition of Developmental stages across all BPCs; i.e., composition varied markedly from site to site and
over time on all biophysical settings. The single possible exception to this was the Tall Tree stage on Low
productivity sites, which rarely comprised more than 5 % of the site and never comprised more than 16 %
of the site. Importantly, the wide range of variation in Developmental stage composition across sites and
biophysical settings indicates that there was no single reference condition but rather a range of conditions
present on all BPCs. Thus, if desired conditions are based on HRV, then management should not strive to
move all stands to a single reference condition, but rather strive to move the current distribution of site-level
conditions towards the HRV distribution of site-level conditions, with an emphasis on managing for the
distribution of conditions rather than the modal condition.

The differences between HRV and CRV distributions indicates current departure in Developmental stage
composition across all BPCs. Current departure across all BPCs appears to be greatest for the Open and
Medium-Tall Tree stages. Current departure in the Open stage is greatest on Low productivity sites and
decreases as site productivity increases, with no apparent departure on High productivity sites. Conversely,
current departure in the Medium-Tall Tree stages is greatest on High producitivty sites and decreases as site
productivity decreases, with minimal departure on Low productivity sites. Of particular note is the positive
departure in the Open condition on all but the highest productivity sites (i.e., the current landscape has
more area in an Open condition than under the simulated HRV). This may be due to a couple of factors.
First, the current landscape may have an uncharactistically high proportion in Openings due to past land use
activities such as clearcutting on private lands and mining and recent uncharacteristically severe wildfires
that may have created and maintained more Open areas than would be expected under historical dynamic
equilibrium conditions, but it is unlikely that this explains all of the apparent positive departure. Second,
the model as parameterized and calibrated may be under-predicting the creation and maintenance of Open
areas (see preface to Results for important discussion). In particular, it is possible that our succession model
is over-predicting tree regeneration on higher elevation sites (e.g., above ~2300 m) and on sites with poor
edaphic conditions for tree regeneration (e.g., coarse soil texture, shallow soil depth, low soil water holding
capacity and low soil productivity). Indeed, the soil data is fraught with limitations and as such is included
only indirectly (available water storage component of the mesic index) as a minor component of the forest
regeneration model based on Shive et al (2018). Thus, edaphic sites that either don’t support trees or
have very low tree regeneration rates may not be captured well in our model, and thus our model may be
regenerating trees on sites that might not typically support trees or at least remain in the Open stage much
longer than we model. Unfortunately, it is impossible to determine the magnitude of these issues and their
affects on our estimates of departure. More directly, as discussed in the preface to the results, our model
calibration pertaining to the probability of high-mortality wildfire in the tree stages of development is a
major determinant of how much Open area is created following wildfire disturbance. Our target estimates
for wildfire mortality rates in the tree stages of development under historical dynamic equilibrium conditions
average around ~7 % across cover types. At this rate of canopy mortality, coupled with the relatively high
rates of tree regeneration modeled, we should not expect the forest to be dominated by relatively open-canopy
conditions.

Recall that current departure in the site-level metrics provides a basis for prioritizing management at the
stand level. In this case, for example, to reduce the current departure in developmental stage composition on
High productivity sites, management could prioritize treatments that produce stands with a greater percent-
age of Medium and Tall trees to shift the overall distributions of these classes across the landscape upwards
to be more aligned with the HRV distributions. Of course, aside from controlling the percentage in Open
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there is only limited ability to actively manage developmental stage succession (i.e., height growth). Indeed,
much of the succession required to shift the current distribution towards the later stages of development
simply requires time (e.g., to allow trees in the Pole and Short Tree stages to grow into the Medium and Tall
Tree stages). However, managing surface and ladder fuels to inhibit high severity wildfire and retaining the
current overstory canopy may be an effective strategy to gradually shift the CRV towards better alignment
with HRV on High productivity sites.

The observations above are further illustrated in Figure 74 for the randomly selected focal stand. Recall
that we selected a single 8-ha (20-acre) stand from the General Survey stands to help illustrate the results in
map form. The figure depicts vegetation Developmental Stage in the focal stand for the current landscape
and three random snapshots under historical dynamic equilibrium conditions. For reference purposes, the
figure also depicts three randomly selected 40-m radius sites within the stand.

Figure 74. Vegetation developmental stages (based on canopy height classes) for a single randomly selected
8-ha (20-acre) forest stand in the Upper Yuba River watershed project area, depicting the current vegetation
condition and three random snapshots under historical dynamic equilibrium conditions. For comparative
purposes, three random 40-m radius sites are also depicted.

The figure illustrates several of the key findings described above. First, there was considerable variability
in Developmental stage composition across sites within the stand at every point in time. In other words,
within the stand the vegetation was maintained as a spatially heterogeneous mosaic of Developmental Stages
and, moreover, the patches of like Developmental Stages were quite small, suggesting a mardedly uneven
seral stage distribution at the stand level, and this pattern was consistent across most stands within the
project area. This is also depicted graphically in Figure 75. As depicted, for example, the percentage of the
stand in the Open stage varied from 23% to 7% among the three historical snapshots provided. Second, the
fine-grained mosaic of Developmental Stages was a shifting mosaic; i.e., the patches of like Developmental
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Stage shifted in space over time, reflecting the fine-scale interplay of disturbance and succession processes
operating on individual and small clumps of trees. Lastly, current departure is quite evident in both the map
and graphical summary. The current stand has a majority of area (> 60 %) in the sapling and pole stages
of development, whereas the historical snapshots have a preponderance of medium and tall tree stages of
development.

Figure 75. Distribution of vegetation developmental stages (based on canopy height classes) within a single
randomly selected 8-ha (20-acre) forest stand in the Upper Yuba River watershed project area for the current
landscape and three random snapshots under historical dynamic equilibrium conditions.

Tree Size

Tree Size at the site level was based on the Quadratic Mean Diameter (QMD) of established trees within a
40-m radius of the focal cell. Thus, even a cell in the Open developmental stage (i.e., forest cell without an
established tree to breast height and thus no diameter at breast height) was likely to have a QMD > 1 inch
so long as there was a single established tree within 40 m of the focal cell. Moreover, QMD was based on only
the cells with established trees; therefore, any cell in the Open developmental stage (i.e., no established tree)
was not considered in the computation - only cells with established trees were tallied. Thus, if there was a
single cell with an established tree in the window, then QMD was based on that single tree and equaled the
tree’s diameter at breast height (DBH). Accordingly, QMD could be quite high even in relatively open areas
if the few neighborhood trees were large in diameter. Also, note that at the site level we report the range
of variation in QMD, not tree size classes based on QMD as at the landscape level below. Thus, here we
present the tree size data in its raw continuous form whereas at the landscape level (see below) we present
the data in its classified form.

The HRV and CRV in Tree Size composition at the site level by BPC is given in the following table and
depicted in Figure 76:
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BPC Scenario HRV
2.5%

HRV
25%

HRV
50%

HRV
75%

HRV
97.5%

Low CRV 3 7 9 13 21
Low HRV 9 14 17 20 25
ModLow CRV 4 9 12 16 25
ModLow HRV 12 18 20 23 28
ModHigh CRV 4 10 14 19 28
ModHigh HRV 15 20 22 25 30
High CRV 5 13 18 24 34
High HRV 18 24 27 30 37
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Figure 76. Historical Range of Variability (HRV) and Current range of variabiilty (CRV) among sites (i.e.,
40-m radius window) in the Quadratic Mean Diameter (QMD) of established trees to breast height within
the Low, Moderately Low, Moderately High and High site productivity Biophysical Classes (BPCs) in the
Upper Yuba River watershed project area. Box = 25-50 percentiles; whiskers = 2.5-97.5 percentiles

The results indicate that under HRV the QMD steadliy increased with increasing site productivity. Thus,
on Low productivity sites the QMD ranged between 9-25 inches 95 % of the time, with a median of 17
inches, while on High productivity sites the QMD ranged between 18-37 inches 95 % of the time, with a
median of 27 inches 95% of the time. The current landscape has a QMD distribution notably smaller than
HRV across BPCs, with the median QMDs 8-9 inches less than that of the corresponding HRV medians.
The management implications of this departure are obvious: restoration of HRV in tree size will require
managing to increase the QMD across more sites. This will be accomplished passively with time, but also
could be facilitated by active management of stem density to encourage diameter growth.

The observations above are further illustrated in Figure 77 for the randomly selected 8-ha (20-acre) focal
stand. The figure depicts site-level QMD in the focal stand for the current landscape and three random
snapshots under historical dynamic equilibrium conditions. For reference purposes, the figure also depicts
three randomly selected 40-m radius sites within the stand.
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Figure 77. Tree size based on Quadratic Mean Diameter (QMD)(inches) within a 40-m radius site centered on
each focal cell for a single randomly selected 8-ha (20-acre) forest stand in the Upper Yuba River watershed
project area, depicting the current vegetation condition and three random snapshots under historical dynamic
equilibrium conditions. For comparative purposes, three random 40-m radius sites are also depicted.

The figure illustrates several important findings. First, consistent with the findings above for Developmental
Stage, there was considerable variability in QMD across sites within the stand at every point in time. In
other words, within the stand there was spatial variability in tree sizes at the site level. Second, despite
there being a strong shifting mosaic in Developmental stage composition within the stand over time (as
described above), the spatial distribution of QMD appeared to be much more stable. In other words, even
though there were fine-scale shifting patches of trees in different Developmental Stages over time, the QMD
for a particular site tended to remain relatively more stable. Thus, sites with higher productivity potential
tended to maintain higher QMD over time despite fine-scale shifts in tree sizes and, conversely, sites with
lower productivity potential tended to maintain lower QMD over time. Lastly, current departure is quite
evident in the map. The current stand has a mean site-level QMD of ~12 inches and no sites above 19 inches,
whereas the historical snapshots all had mean QMDs > 20 inches, as depicted graphically in Figure 78.
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Figure 78. Distribution of tree size based on Quadratic Mean Diameter (QMD)(inches) within 40-m radius
sites centered on each focal cell within a single randomly selected 8-ha (20-acre) forest stand in the Upper
Yuba River watershed project area for the current landscape and three random snapshots under historical
dynamic equilibrium conditions.

Tree Cover

Tree Cover at the site level was based on the percentage of 5-m cells with established trees to breast height
within a 40-m radius of the focal cell. Thus, even a cell in the Open developmental stage (i.e., forest cell
without an established tree to breast height) had a percent tree cover > 0 % so long as there was a single
established tree within 40 m of the focal cell. In addition, as computed here, Tree Cover represents the
percentage of cells within 40 m containing one or more established trees to breast height, not actual tree
canopy cover, and as such is a biased (high) index of actual tree canopy cover (i.e., actual tree canopy cover
will be less than reported here). We compared our estimates of Tree Cover to Lidar-based estimates of
canopy cover for the current landscape and found a 16 % average positive bias; i.e., our percent Tree Cover
is on average ~ 16 % higher than actual tree canopy cover. Consequently, to convert our Tree Cover estimates
to canopy cover, simply subtract 16 %. Also, note that at the site level we report the range of variation in
tree cover percent, not tree cover classes as done at the landscape level below. Thus, here we present the
tree cover data in its raw continuous form whereas at the landscape level (see below) we present the data in
its classified form.

The HRV and CRV in Tree Cover composition at the site level by BPC is given in the following table and
depicted in Figure 79:
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BPC Scenario HRV
2.5%

HRV
25%

HRV
50%

HRV
75%

HRV
97.5%

Low CRV 12 47 66 83 98
Low HRV 31 74 88 93 98
ModLow CRV 17 53 72 89 99
ModLow HRV 42 79 89 94 98
ModHigh CRV 23 61 81 94 100
ModHigh HRV 49 82 90 94 98
High CRV 36 78 91 97 100
High HRV 57 84 91 94 98
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Figure 79. Historical Range of Variability (HRV) and Current range of variabiilty (CRV) among sites
(i.e., 40-m radius window) in the percent Tree Cover of established trees to breast height within the Low,
Moderately Low, Moderately High and High site productivity Biophysical Classes (BPCs) in the Upper Yuba
River watershed project area. Box = 25-50 percentiles; whiskers = 2.5-97.5 percentiles

The results indicate that under HRV the median percent Tree Cover increased only slightly from 88 to 91 %
(or ~ 72 t0 75 % canopy cover) as site productivity increased; however, the lower end of the range increased
dramatically from 31 to 57 % while the upper end remained the same (98 %) as site productivity increased.
Thus, lower productivity sites exhibited much greater variability across sites than higher productivity sites.
Again, these values are biased high compared to actual tree canopy cover by ~ 16 % and thus should be
interpreted carefully. Nevertheless, these relatively high values indicate that historically percent Tree Cover
may have been maintained at relatively high levels most of the time due to the relatively high productivity of
the landscape, even on relatively unproductive sites, but that surface and ladder fuels were likely maintained
at low levels due to the frequent occurrence of wildfire. The preponderance of low-severity wildfire fire
coupled with relatively high site productivity for establishing and growing trees likely produced a landscape
that maintained relatively high percent Tree Cover, contingent on the model parameterization and calibration
being correct (see preface to Results for important discussion on this topic).

The results also indicate that current departure decreases with increasing site productivity. The greatest
departure is in the Low site productivity class, with the current landscape supporting a greater proportion
of sites with lower percent Tree Cover (median 66 vs 88 %). However, there is almost no departure in
the High site productivity class, other than the lower range of variability in which the current landscape
supports some sites with much lower percent tree cover than under HRV. The disparity between HRV and
CRV distributions can largely be explained by the excessive large openings in the current landscape caused
by recent land use activity and severe wildfire events.

The observations above are further illustrated in Figure 80 for the randomly selected 8-ha (20-acre) focal
stand. The figure depicts site-level percent Tree Cover in the focal stand for the current landscape and three
random snapshots under historical dynamic equilibrium conditions. For reference purposes, the figure also
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depicts three randomly selected 40-m radius sites within the stand.

Figure 80. Tree cover based on percent of cells with established trees to breast height within a 40-m radius
site centered on each focal cell for a single randomly selected 8-ha (20-acre) forest stand in the Upper Yuba
River watershed project area, depicting the current vegetation condition and three random snapshots under
historical dynamic equilibrium conditions. For comparative purposes, three random 40-m radius sites are
also depicted.

The figure illustrates several of the key findings above. First, consistent with the findings above for Develop-
mental Stage, there was considerable variability in Tree Cover across sites within the stand at most points
in time, altough Snapshot C depicts very little site-level variability in Tree Cover, and this pattern was
consistent across most stands within the project area. This is also depicted graphically in Figure 81. As
depicted, sites varied from ~25-99 percent Tree Cover in two of the three historical snapshots provided. Sec-
ond, consistent with the shifting mosaic of Developmental Stages discussed above, Tree Cover also exhibited
a shifting distribution of high and low cover over time, reflecting the fine-scale interplay of disturbance and
succession processes operating on individual and small clumps of trees. Lastly, as noted above regarding the
lack of apparant current departure in Tree Cover on High productivity sites, this focal stand also appears
to be well within the HRV and is in fact relatively similar to Snapshot C in having most of the area in high
percent Tree Cover.
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Figure 81. Distribution of tree cover based on percent of cells with established trees within 40-m radius
sites centered on each focal cell within a single randomly selected 8-ha (20-acre) forest stand in the Upper
Yuba River watershed project area for the current landscape and three random snapshots under historical
dynamic equilibrium conditions.

Landscape Level Conditions for Monitoring and Adaptive Management

The results presented in this section represent landscape metrics quantified at the landscape level; i.e., for the
Upper Yuba River watershed as a whole, albeit for a single BPC within the landscape. Here, the landscape
at each time step of the simulation after model equilibration (N=200) represented a single snapshot of what
the landscape condition could have been like at any point in time under historical dynamic equilibrium
conditions. Because of the enormous size of the data sets being generated, we evaluated landscape snapshots
at 20-year (or 4 time step) intervals after model equilibration for a total of 51 snapshots. In addition, the
current landscape has a single value computed for each landscape metric, and a comparison of the current
value to the HRV provides a means to assess “current departure” (i.e., the degree to which the current
landscape condition deviates from HRV).

Together, the landscape-level HRV and current condition provide a framework for landscape-level planning
and adaptive management. Specifically, the landscape-level HRV provides a quantitative basis for establish-
ing desired conditions based on a goal of ecological restoration of historical reference conditions, and the
current landscape condition provides a quantitative benchmark for determining the direction and magnitude
of change needed to move the landscape towards HRV should that be the goal. In addition, the current
condition provides a “starting” point for monitoring future landscape-level changes under the auspices of
adaptive management.

The landscape-level results below should be interpreted with the following considerations in mind:
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• First, it is important to understand that here the emphasis was on the temporal range of variability
in landscape structure at the spatial extent of the entire landscape - the Upper Yuba River watershed
project area - albeit by BPC. The measured HRV and current departure was specific to this particular
landscape and landscape extent. Owing to the idiosyncrasies of landscapes, the measured HRV and
current departure for the Upper Yuba River watershed would likely differ from that of any other
landscape of the same extent. In addition, the measured HRV and current departure for the Upper
River watershed was specific to this extent, as the range of variability in landscape metrics would likely
differ for larger or smaller extents.

• Second, it is important to understand that landscape-level variation is likely to be considerably less
than site-level variation, for the simple reason that large areas have the capacity to absorb small
changes, either because changes to relatively small areas don’t affect enough area to be consequential
or because changes in one direction are compensated for by changes in the opposite direction in other
parts of the landscape. In other words, larger landscape have the capacity to buffer relative small-
scale changes. Importantly, the larger the landscape the greater the capacity to absorb small-scale
changes. Thus, in general the larger the landscape the less temporal variability, up to a point. At some
point, increasing the extent of the landscape will not reduce the temporal variability because different
drivers of landscape change are encountered (e.g., different climate regime). This scale dependency in
landscape-level variability means that the results presented here are specific to the Upper Yuba River
and its extent.

• Third, we summarized HRV at the landscape level primarily for the purpose of monitoring changes in
landscape condition over time pursuant to the requirements of Forest Plan monitoring and the general
tenets of adaptive management. The HRV metrics (by BPC) at the landscape level may not be that
useful for stand- and project-level planning and management, but should be useful for assssing the
cumulative effects of multiple projects over time in meeting desired landscape conditions.

At the landscape level, the landscape metrics (see below) are presented in both tabular and graphical form.
The tabular format is illustrated here:

What is important to note here is that the HRV is presented as a select set of quantiles, in which the
HRV2.5% - HRV97.5% range represents the 95% range of variability in the metric under historical dynamic
equilibrium conditions, analogous to a 95% confidence interval. In addition, here the landscape metric for the
current landscape condition is a single value, and that value is also reported as a percentile of the HRV based
on where it falls in relation to the HRV quantiles. Thus, a current value of, say, 23% of HRV, means that
23% of the time under historical reference conditions the landscape had a value for the corresponding metric
that was less than the value for the current landscape, and thus 77% of the time the landscape had a greater
value. A current value of 0% means that the value for the current landscape is less than the minimum value
generated under historical reference conditions. Conversely, a current value of 100% means that the value
for the current landscape is greater than the maximum value generated under historical reference conditions.

The graphical form of the results are presented as a box-and-whisker plot, in which the median value is
represented as a solid black horizontal line, the 25-75th percentiles as the box, and the 2.5-97.5th percentiles
as solid black lines extending outward from the box. In addition, a separate box-and-whisker plot is presented
for each class of the corresponding landscape metric (e.g., developmental stages), and the value of the metric
for the current landscape condition is represented as a single, dashed red horizontal line, as shown here.
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In the subsections to follow, we included only those landscape metrics that we deemed appropriate for use as
landscape-level reference conditions for the purpose of defining desired conditions and monitoring landscape-
level change. Importantly, we acknowledge that historical reference conditions are only one consideration in
defining landscape-level desired conditions and may be more useful in some parts of landscape than others.
It is not the purpose of this document to suggest where historical reference conditions should be used to
inform desired conditions or whether they should be used at all.

Developmental Stage

Developmental stage at the landscape level was based on discrete stages of canopy height development. We
quantified the composition of forest developmental stages at the landscape level based on the percentage of
the forested portion of the landscape (by BPC) in each developmental stage.

The HRV and current departure in developmental stage composition at the landscape level BPC is given in
the following table and depicted in Figure 82:
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BPC Class HRV
2.5%

HRV
25%

HRV
50%

HRV
75%

HRV
97.5%

Current
Value

Current
%HRV

Low Open 4.97 8.45 13.88 22.68 28.17 36.08 +
Low Sapling 15.56 19.78 26.93 31.64 38.71 12.81 -
Low Pole 11.33 13.28 14.60 16.75 19.89 19.53 97
Low ShortTree 11.27 12.10 12.93 13.80 17.50 16.56 94
Low MedTree 24.47 26.45 27.10 27.93 32.07 13.51 -
Low TallTree 2.21 2.38 2.53 2.59 3.29 1.51 -
ModLow Open 4.74 7.90 11.91 18.45 23.61 30.82 +
ModLow Sapling 11.43 15.87 20.76 24.24 30.73 13.27 15
ModLow Pole 10.72 12.83 14.00 15.77 20.25 18.92 95
ModLow ShortTree 10.18 11.09 11.88 13.16 16.48 17.12 +
ModLow MedTree 28.46 30.48 31.36 32.16 36.69 16.90 -
ModLow TallTree 7.13 7.87 8.15 8.45 10.11 2.97 -
ModHigh Open 4.81 7.46 10.87 15.72 20.81 24.52 +
ModHigh Sapling 7.61 13.53 16.61 19.57 25.29 13.51 25
ModHigh Pole 9.70 11.82 13.41 15.12 18.59 19.01 99
ModHigh ShortTree 9.40 10.68 11.11 12.41 14.51 17.62 +
ModHigh MedTree 27.65 29.95 30.40 31.18 35.31 20.10 -
ModHigh TallTree 13.40 15.38 15.73 16.03 18.06 5.25 -
High Open 5.25 7.36 10.08 13.07 18.54 14.81 81
High Sapling 3.02 9.45 11.96 14.30 18.19 12.50 55
High Pole 9.08 10.40 11.95 13.28 16.36 17.96 +
High ShortTree 8.41 9.25 9.85 10.78 11.98 18.19 +
High MedTree 22.78 24.22 24.68 25.42 27.53 26.45 94
High TallTree 28.96 30.36 30.81 31.13 32.66 10.10 -

Current %HRV is the Current value as a percentile of the HRV; + = Current value is greater than the
maximum HRV value, or "positive" departure; - = Current value is less than the minimum HRV value
or "negative" departure
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Figure 82. Historical Range of Variability (HRV) and the Current landscape value in the percent of forested
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area in each developmental stage within the Low, Moderately Low, Moderately High and High site produc-
tivity Biophysical Classes (BPCs) in the Upper Yuba River watershed project area. Box = 25-50 percentiles;
whiskers = 2.5-97.5 percentiles

The results indicate that under historical dynamic equilibrium conditions (i.e., HRV) the landscape fluctuated
between ~5-28 % of the forest area in an Open developmental stage (i.e., no trees established to breast
height), depending on site productivity. Note, the range of variation here is markedly less than was reported
previously at the site level (2-69 %). Consistent with the site-level results, the HRV decreased as site
productivity increased. Current departure was greatest on low productivity sites and decreased as site
productivity increased. Indeed, on high productivity sites, the current landscape was well within the 95 %
HRV for Open. As described in more detail in the Site-level results section, the current departure above
HRV may be a reflection of recent land use activities such as clearcut timber harvesting on private lands and
recent uncharacteristically high-severity fires, both of which have created an abundance of large open areas,
and/or an over-prediction of tree regeneration on higher-elevation sites or poor edaphic sites not capture by
our model give data limitations. Current departure for the Tall Tree stage showed the opposite pattern, with
departure increasing with increasing site productivity, and the current landscape having values below the
HRV. This is likely due to the relatively young age of the current forest resulting from a century of human
land use activities (e.g., logging and mining).

It is worth noting that the simulation resulted in a peak of 44% of the forested landscape in an Open
stage after 10 years of simulating disturbance and succession starting with the current landscape. The
increase in Open area after just 10 years was due to the high frequency and severity of wildfires resulting
from the increased susceptibility of the current landscape to high-mortality wildfires due to decades of fuel
accumulation. However, after only a couple of decades of fuel reduction by wildfires in the simulation, the
risk of high-mortality wildfire was reduced and dynamic equilibrium in the developmental stage distribution
was achieved, as depicted in Figure 83.

Figure 83. Simulated 1500 year trajectory in the developmental stage distribution of forests (pooled across
cover types) in the Upper Yuba River watershed project area.
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Tree Size

Tree size at the landscape level was based on discrete classes of Quadratic Mean Diameter (QMD) of estab-
lished trees within a 40-m radius of the focal cell. Thus, even a cell in the Open developmental stage (i.e.,
forest cell without an established tree to breast height and thus no diameter at breast height) is likely to
have a QMD > 1 inch so long as there is a single established tree within 40 m of the focal cell. Also, note
that the Seedling class represents focal cells with a QMD of ≤ 1 inch, and the only way this can occur is if
all of the established trees within 40 m of the focal cell have a dbh = 1 inch, otherwise the QMD will exceed
1 inch and the tree size class will be designated as Sapling or larger. Thus, there are very few instances in
which the Seedling class is likely to occur. We quantified the composition of tree size classes at the landscape
level based on the percentage of the forested portion of the landscape (by BPC) in each tree size class.

The HRV and current departure in tree size class composition by BPC at the landscape level is given in the
following table and depicted in Figure 84:

BPC Class HRV
2.5%

HRV
25%

HRV
50%

HRV
75%

HRV
97.5%

Current
Value

Current
%HRV

Low Seedling 0.00 0.00 0.00 0.01 0.02 0.75 +
Low Sapling 0.25 0.38 0.66 0.93 1.62 22.08 +
Low Pole 4.04 5.81 8.14 9.65 15.59 43.80 +
Low SmallTree 81.73 86.35 87.03 88.07 89.82 32.80 -
Low MedTree 1.02 1.96 3.02 4.94 9.48 0.54 -
Low LargeTree 0.02 0.08 0.14 0.32 0.50 0.03 10
ModLow Seedling 0.00 0.00 0.00 0.00 0.00 0.31 +
ModLow Sapling 0.02 0.04 0.06 0.10 0.18 10.67 +
ModLow Pole 0.70 1.01 1.69 2.04 3.81 33.47 +
ModLow SmallTree 75.07 84.37 87.08 89.46 91.53 52.74 -
ModLow MedTree 5.12 8.30 10.80 13.62 22.72 2.59 -
ModLow LargeTree 0.08 0.19 0.44 0.80 1.66 0.24 28
ModHigh Seedling 0.00 0.00 0.00 0.00 0.00 0.13 +
ModHigh Sapling 0.00 0.01 0.01 0.02 0.03 7.85 +
ModHigh Pole 0.17 0.27 0.41 0.55 0.98 23.87 +
ModHigh SmallTree 55.12 66.88 71.96 76.21 82.23 60.57 10
ModHigh MedTree 16.16 22.30 26.17 30.54 40.21 6.70 -
ModHigh LargeTree 0.55 1.05 1.45 2.44 4.43 0.88 19
High Seedling 0.00 0.00 0.00 0.00 0.00 0.02 +
High Sapling 0.00 0.00 0.00 0.00 0.00 5.63 +
High Pole 0.02 0.03 0.05 0.07 0.11 13.39 +
High SmallTree 20.73 27.15 30.61 34.01 41.36 58.35 +
High MedTree 43.39 48.23 49.83 50.96 52.73 16.49 -
High LargeTree 14.27 17.20 19.20 22.39 28.22 6.11 -

Current %HRV is the Current value as a percentile of the HRV; + = Current value is greater than the
maximum HRV value, or "positive" departure; - = Current value is less than the minimum HRV value
or "negative" departure
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Figure 84. Historical Range of Variability (HRV) and the Current landscape value in the percent of forested
area in each tree size class within the Low, Moderately Low, Moderately High and High site productivity
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Biophysical Classes (BPCs) in the Upper Yuba River watershed project area. Box = 25-50 percentiles;
whiskers = 2.5-97.5 percentiles

The results indicate that under HRV there was a modal distribution of tree size class that increased steadily
with increasing site productivity. For example, Low productivity sites had a mode centered on the Small
Tree class (11-24 inch QMD), with very few sites in the Large Tree class (> 30 inch QMD), whereas the High
productivity sites had a mode centered on the Medium Tree class (24-32 inch QMD) and substantial area
in the Large Tree class. The current landscape has substantially more area in the smaller tree size classes
and almost no area in the Tall Large Tree class. Thus, there is a relatively strong magnitude of current
departure in all tree size classes across all BPCs. It is worth noting that the current positive departure in the
Seedling and Pole classes across BPCs is likely the result of there being some relatively large areas of young,
even-aged forest resulting from clearcut timber harvest and high-severity wildfire in the current landscape,
whereas under HRV there were relatively few large areas of even-aged early-seral forest created.

Tree Cover

Similar to Tree Size, tree cover at the landscape level was based on discrete classes of the percentage of 5-m
cells with established trees to breast height within a 40-m radius of the focal cell. Thus, even a cell in the
Open developmental stage (i.e., forest cell without an established tree to breast height) had a percent tree
cover > 0 % so long as there was a single established tree within 40 m of the focal cell. In addition, recall
that tree cover represents the percentage of cells within 40 m containing one or more established trees to
breast height, not actual tree canopy cover. Indeed, given that cells with established trees in the early and
mid developmental stages likely have a canopy that only partially covers the area of the cell, our percent
Tree Cover metric is biased high compared to actual tree canopy cover; indeed, by ~ 16 % on average.
Consequently, many of the cells in our Dense tree cover class (> 60 % tree cover) may actually have a tree
canopy cover much less than 60% (say, > 44 % acounting for our biased estimate).

The HRV and current departure in tree cover class composition by BPC at the landscape level is given in
the following table and depicted in Figure 85:
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BPC Class HRV
2.5%

HRV
25%

HRV
50%

HRV
75%

HRV
97.5%

Current
Value

Current
%HRV

Low Isolated 0.00 0.03 0.17 0.34 0.64 2.02 +
Low Sparse 0.02 0.21 0.87 1.81 3.29 5.36 +
Low Scattered 0.15 0.46 1.85 3.36 6.66 10.49 +
Low Clump 0.43 1.28 5.08 11.36 17.14 24.28 +
Low Dense 72.49 83.07 91.65 98.10 99.42 57.86 -
ModLow Isolated 0.00 0.01 0.04 0.08 0.19 1.20 +
ModLow Sparse 0.00 0.07 0.34 0.71 1.50 3.70 +
ModLow Scattered 0.02 0.17 0.96 1.91 4.02 8.40 +
ModLow Clump 0.08 0.66 3.37 6.89 13.68 21.05 +
ModLow Dense 80.61 90.49 95.23 99.09 99.89 65.65 -
ModHigh Isolated 0.00 0.00 0.01 0.03 0.06 0.68 +
ModHigh Sparse 0.00 0.03 0.15 0.27 0.66 2.26 +
ModHigh Scattered 0.01 0.11 0.49 1.02 2.40 5.62 +
ModHigh Clump 0.07 0.50 2.40 4.89 10.96 16.09 +
ModHigh Dense 85.93 93.78 96.97 99.35 99.91 75.36 -
High Isolated 0.00 0.00 0.00 0.01 0.01 0.32 +
High Sparse 0.00 0.01 0.05 0.10 0.24 0.88 +
High Scattered 0.00 0.04 0.24 0.48 1.17 2.09 +
High Clump 0.07 0.32 1.46 3.08 7.10 7.06 98
High Dense 91.41 96.33 98.28 99.62 99.92 89.65 -

Current %HRV is the Current value as a percentile of the HRV; + = Current value is greater than the
maximum HRV value, or "positive" departure; - = Current value is less than the minimum HRV value
or "negative" departure
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Figure 85. Historical Range of Variability (HRV) and the Current landscape value in the percent of forested
area in each tree cover class within the Low, Moderately Low, Moderately High and High site productivity
Biophysical Classes (BPCs) in the Upper Yuba River watershed project area. Box = 25-50 percentiles;
whiskers = 2.5-97.5 percentiles

The results indicate that under historical dynamic equilibrium conditions (i.e., HRV) the majority of the
forest was maintained in the Dense tree cover class (> 60 %) and very little (< 10 % of the forest) was
maintained in the Isolated, Sparse and Scattered (0-40% tree cover) tree cover classes across all site produc-
tivity classes. In addition, the proportion of the forest maintained in the Dense tree cover class increased
with increasing site productivity. The current landscape exhibits a similar distribution across BPCs but
with slightly more area in the lower tree cover classes. The biggest apparent departure across BPCs is in the
Dense tree cover class. In particular, on the lowest productivity site the current landscape is estimated to
have 58 % of the forest in this class, whereas under HRV the 95% range of variation was between 72-99 %.
Again, much of this apparent departure can be attributed to recent land use activities and severe fires that
created an abundance of open areas with little established tree cover, reducing the distribution of percent
tree cover across the landscape.

MONITORING LANDSCAPE CONDITIONS

Monitoring landscape conditions relative to desired conditions is an essential component of adaptive manage-
ment because it allows us to determine if management activities are moving the landscape towards or away
from desired conditions. Importantly, monitoring must be detailed, specific and quantitative to be of any
use. Monitoring detailed desired conditions is essential to avoid ambiguity. For example, a “healthy forest”
is not a detailed desired condition, despite being an appropriate goal, because “healthy” can be defined in
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many different ways and from many different perspectives. To be useful, “healthy” must be defined in detail
using specific and quantitative measures. Only then can we determine whether management is moving the
landscape in the desired direction. In this section, we offer suggestions on how to use the historical reference
conditions reported in the previous section to monitor some aspects of landscape change. Importantly, this
does not presume that historical range of variability in the landscape metrics we chose are the right detailed,
specific and quantitative desired landscape conditions; that can only be determined through a careful delib-
erative process involving multiple stakeholders and considering multiple ecosystem services. Rather, what
we describe below is merely a process for monitoring landscape change over time in the chosen landscape
metrics; whether the change is moving in the right direction or not is a separate problem and well beyond
the scope of this project.

In the sections that follow we suggest a protocol for monitoring landscape change in each of five important
attributes corresponding to the landscape metrics we chose for this project. For each metric, we suggest one
or more detailed, specific and quantitative measures and the methods for monitoring the metric.

Fire Return Interval Departure

• Rationale - Fire is fundamental to the natural ecology of Sierra-Nevada forests and Fire Return Interval
(FRI) is perhaps the most commonly understood and used measure of fire regimes among managers.
FRI departure (FRID) is commonly interpreted as the degree to which the contemporary FRI deviates
from the pre-settlement FRI and is a common way to determine priorities for the ecological restoration
of historical fire regimes. As such, FRID is a logical choice of metric for monitoring landscape change
as pertains to the role of fire.

• Method - We suggest that one of the five FRID metrics described in Safford and Van de Water (2014)
be computed on a regular basis (PFRID based on the mean pre-settlement FRI, see reference for
details), but substituting the mean FRI we simulated at the cell level for the estimated pre-settlement
FRI’s by cover type used in the original paper. This metric quantifies the extent in percent to which
contemporary fires (i.e., since 1908) are burning at frequencies similar to the frequencies that occurred
prior to Euro-American settlement. The use of our mean FRI for the pre-settlement period provides a
much more accurate and spatially resolved estimate of the pre-settlement FRI than simply assigning a
single value to each cover type (which is perhaps appropriate at the regional scale, as suggested by the
authors). Importantly, we suggest all fires, including prescribed fires, be included in the calculation of
the contempory FRI, because prescribed fires will likely be a major compononent of management to
restore pre-settlement FRIs (should that be the goal).

• Frequency - We suggest that monitoring be done on a yearly basis because the mapping of wildfires
and prescribed fires is done in real-time and the mapping of FRID can be easily automated.

Vegetation Developmental Stage

• Rationale - Vegetation developmental stage (or successional stage) based on tree height growth is
fundamental to forest ecology, and silviculture in particular. Developmental stage is also critically
important as a descriptor/predictor of habitat for focal wildlife species, and is thus central to the
management of wildlife. Indeed, some of the most contentious wildlife issues are centered on the
management of late-sucessional habitat, in part due to the paucity of late-successional forest today
compared to pre-settlement forest. Thus, monitoring landscape change in the composition of vegetation
development stages is deemed a critical component of any viable forest monitoring program.

• Method - We suggest that LiDar-based mapping of canopy height at the 1 m spatial resolution, aggre-
gated to 5 m resolution (the scale of an average mature tree) based on nearest neighbor resampling
(so as to not regress towards the mean and effectly elimate the tallest trees) be developed on a regular
basis (see below), and subsequently classified into Developmental Stages as defined previously for this
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project, including Early-, Mid- and Late-shrub classes for shrublands, and Open, Sapling, Pole, Short-
tree, Medium-tree and Tall-tree classes for forests, along with a Non-seral class for all other cover types.
The result will be a classified map at the cell level. Next, overlay the clasified Developmental Stage
map with the Biophysical Classes (BPC) map defined and created in this project and compute the
percentage of each BPC in each Developmental Stage. Changes in the landscape composition by BPC
can then be easily graphed for visulation. Note, given the 1-m canopy height raster, the aggregation,
classification and composition analysis by BPC can easily be automated in a single script.

• Frequency - We suggest that LiDar canopy height data be acquired every 5-10 years, which would allow
for the assessment of landscape composition in Developmental Stage by BPC to be done at the same
interval.

Large Forest Openings

• Rationale - Forest openings, and large forest openings in particular, are an important component of
most Sierra-Nevada forests, in part because they provide a unique and necessary micro-environment
for the regeneration of shade-intollerant tree species and provide a unique and important habitat for
numerous plant and animal species essential for forest biodiversity, but also because openings are the
simplest thing to create through active vegetation management. Indeed, silvicultural prescriptions are
principally directed towards where to create openings (and of what size and shape) and where to leave
existing trees. Thus, much of active silvicultural management centers on forest openings, and especially
large forest openings. Thus, monitoring landscape change in the number, size and shape of large forest
openings is deemed a logical component of a viable forest monitoring program.

• Method - We suggest that the LiDar-based mapping of Developmental Stage described above serve
as the precursor for mapping large forest openings. Indeed, once the Developmental Stage map is
produced, it is a trivial few geoprocessing steps to filter out the large forest openings. For this purpose,
it is essential to maintain consistency in the definition of “large forest opening” and to maintain the
use of the same geoprocessing algorithm for each assessment. Once large forest openings have been
mapped, we suggest the computation of the configuration metrics presented in this report; specifically,
the six Fragstats metrics pertaining to patch density, disjunct core area density, patch size, patch radius
of gyration and patch core area index. As with Developmental Stage, given the 1-m canopy height
raster and derived Developmental Stage raster, the analysis of large forest openings by BPC can easily
be automated in a single script.

• Frequency - We suggest that LiDar canopy height data be acquired every 5-10 years, which would allow
for the assessment of landscape composition in large forest openings by BPC to be done at the same
interval.

Tree Size Class

• Rationale - Tree size based on diameter at breast height is fundamental to forest mensuration and is
an important habitat determinant for many wildlife species. However, statistical summaries of tree
size within a plot or stand, such as Quadratic Mean Diameter (QMD), are typically deemed more
useful for management. Forest Plan regulations pertaining to diameter limits on cutting speak to the
importance of tree size to management. Thus, monitoring landscape change in the composition of tree
sizes, whether statistically summarized in some way (e.g., QMD) and at some scale (e.g., 40-m radius
site) or not, is deemed an important component of any viable forest monitoring program.

• Method - Unfortunately, remotely sensing tree size is fraught with many challenges given current
technology. Consequently, tree size is typically estimated from other remotely sensed features such
as tree height or derived attributes such as canopy size. Given that tree size will almost certainly be
derived, it is essential to maintain consistency in the geoprocessing algorithm used to estimate tree
size for each subsequent assessment. In this regard, we suggest maintaining a spatial resolution of 5 m
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for consistency with the other LiDar-derived metrics. The use of Tree-Approximate Objects (TAOs) is
potentially a viable alternative to a raster-based approach, but care will need to be taken to maintain
consistency in the algorithm used to create the TAOs. Consequently, the raster-based approach may
be easier to maintain consistency over time. In addition, future improvements in remote sensing may
require recalibration of results over time as technology improves.
Once individual tree size is derived at the cell level (or for TAOs), we suggest the use of QMD computed
at a fixed spatial scale, such as our 40-m radius site. The use of stands for this purpose could be
problematic as the definition and delineation of stands often changes over time. The use of a fixed-
scale site avoids this problem.
Lastly, once QMD is computed for each focal cell, we suggest classifying cells into Tree Size Classes as
defined previously for this project, including No Tree or Seedling, Sapling, Pole, Small-tree, Medium-
tree and Large-tree classes, along with a Non-forest class for all other cover types. The result will be
a classified map at the cell level. Next, overlay the clasified Tree Size Class map with the Biophysical
Classes (BPC) map defined and created in this project and compute the percentage of each BPC in
each Tree Size Class. Changes in the landscape composition by BPC can then be easily graphed for
visulation. Note, given the 1-m canopy height raster, the derivation of the 5-m Tree Size Class raster
and subsequent composition analysis by BPC can easily be automated in a single script.

• Frequency - We suggest that LiDar data be acquired every 5-10 years, which would allow for the
assessment of landscape composition in Tree Size Class by BPC to be done at the same interval.

Tree Cover Class

• Rationale - Tree cover or, more generally, canopy cover is fundamental to forest ecology and mensuration
and is an important habitat determinant for many wildlife species. Moreover, tree or canopy cover is a
major concern of forest management, in part because it is the easiest forest attribute to modify through
silviculture. Forest Plan regulations pertaining to limits on canopy cover speak to the importance of
canopy cover to management. Unfortunately, the use of tree or canopy cover is fraught with challenges.
First, there are many ways to define and measure canopy cover. For example, canopy cover could
represent the intensity of light reaching the ground or some height above ground, in which the canopy
is treated as a permeable filter that lets through a certain degree of light depending on canopy bulk
density. Alternatively, canopy cover could represent the percent of the ground covered by a vegetative
canopy, in which the area within the periphery of a tree or shrub canopy is considered an absolute
barrier. Clearly, the first definition would result in lower estimates of canopy cover than the latter.
In addition, canopy cover could be restricted to trees only or include all vegetative life forms, or be
limited to vegetative cover above a certain height. As these examples illustrate, there are numerous
ways to define canopy cover depending on the objective. Second, canopy cover is scale dependent. For
example, canopy cover for a 5x5 m plot would likely differ from that of a 20x20 m plot or that of a
user-defined stand. Unfortunately, the choice of scale for measuring canopy cover varies dramatically
among applications and thus is one of the things that makes interpretting and comparing estimates of
canopy cover most challenging. Regardless of these challenges, given the importance of canopy cover
to forest management it is deemed an important component of any viable forest monitoring program.

• Method - We suggest that the LiDar-based mapping of Developmental Stage described above serve
as the precursor for mapping percent Tree Cover. It is essential to maintain consistency in the geo-
processing algorithm used to estimate Tree Cover for each subsequent assessment. In this regard, we
suggest a spatial resolution of 5 m for consistency with the other LiDar-derived metrics. The use of
Tree-Approximate Objects (TAOs) is potentially a viable alternative to a raster-based approach, but
care will need to be taken to maintain consistency in the algorithm used to create the TAOs. Conse-
quently, the raster-based approach may be easier to maintain consistency over time. In addition, future
improvements in remote sensing may require recalibration of results over time as technology improves.
Once individual 5 m cells are classified into Developmental Stage, we suggest the use percent Tree
Cover (i.e., percentage of cells with established trees to breast height) at a fixed spatial scale, such as
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our 40-m radius site. Note, the use of stands for this purpose could be problematic as the definition
and delineation of stands often changes over time. The use of a fixed-scale site avoids this problem.
Lastly, once percent Tree Cover is computed for each focal cell, we suggest classifying cells into Tree
Cover Classes as defined previously for this project, including Isolated (< 10 %), Spase (10 - 24.9 %),
Scattered (25 - 39.9 %), Clump (40 - 59.9 %), and Dense ( ≥ 60 %) classes. The result will be a
classified map at the cell level. Next, overlay the clasified Tree Cover Class map with the Biophysical
Classes (BPC) map defined and created in this project and compute the percentage of each BPC in
each Tree Cover Class. Changes in the landscape composition by BPC can then be easily graphed for
visulation. Note, given the 1-m canopy height raster, the derivation of the 5-m Tree Cover Class raster
and subsequent composition analysis by BPC can easily be automated in a single script.

• Frequency - We suggest that LiDar data be acquired every 5-10 years, which would allow for the
assessment of landscape composition in Tree Size Class by BPC to be done at the same interval.

Isolated Trees

• Rationale - Isolated trees in forest openings (i.e., established tree to breast height with > 5 m to the
nearest neighboring tree) are often considered an important feature of the landscape, in part because
they help to define the nature of the openings; e.g., do the openings typically contain one or more
isolated trees and thus function more as an open “matrix” with embedded trees, or do they more
typically occur as “cookie-cutter” openings in the forest. Isolated trees in forest openings also play
a major role as a seed source for tree regeneration of openings and serve to modify the microclimate
of the opening by providing interior shade. Isolated trees may also be important habitat for certain
wildlife species; e.g., by providing perch sites for aerial predators. Thus, monitoring landscape change
in the density and distribution of isolated trees in forest openings is deemed a logical component of a
viable forest monitoring program.

• Method - We suggest that the LiDar-based mapping of Developmental Stage described above serve
as the precursor for mapping isolated trees in forest openings. In this regard, we suggest a spatial
resolution of 5 m for consistency with the other LiDar-derived metrics. The use of Tree-Approximate
Objects (TAOs) is potentially a viable alternative to a raster-based approach, but care will need to
be taken to maintain consistency in the algorithm used to create the TAOs. Consequently, the raster-
based approach may be easier to maintain consistency over time. In addition, future improvements in
remote sensing may require recalibration of results over time as technology improves.
Once individual 5 m cells are classified into Developmental Stage, we suggest that isolated trees in
forest openings be defined as any cell with an established tree to breast height surround by a minimum
of 5 m (i.e., 1 cell) of cells classified as Open (i.e., no established tree to breast height). Note, the
definition of “isolated” could differ (e.g., minimum of 10 or 15 m from nearest tree), so long as the
definition remains constant over time.
Lastly, once isolated trees in forest openings are identified, overlay the isolated tree map with the
Biophysical Classes (BPC) map defined and created in this project and compute the density and
dispersion of isolated trees in each BPC. Changes in the landscape composition by BPC can then be
easily graphed for visulation. Note, given the 1-m canopy height raster, the derivation of the isolated
tree raster and subsequent composition analysis by BPC can easily be automated in a single script.

• Frequency - We suggest that LiDar data be acquired every 5-10 years, which would allow for the
assessment of landscape composition in Tree Size Class by BPC to be done at the same interval.
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GLOSSARY of TERMS and ACRONYMS

Biophysical Class (BPC) - Categorical classification of predicted cumulative tree biomass under historical
dynamic equilibrium conditions based on biophysical site variables; classified into four equal-area classes from
low to high site productivity; created for the purpose of summarizing and reporting the historical range of
variability and current departure in a suite of landscape metrics. [geospatial data layer]

Cell-level - Spatial extent of an individual cell; 5 m on a side for this application.

CRV - Current range of variability.

Developmental stage - Successional stage of vegetation development based on modeled canopy height at
the cell level; classified into six classes for forest and three classes for shrublands; ecological attribute for
which a suite of landscape metrics are computed. [geospatial data layer]

Ecobjects - 2014 Tahoe National Forest vegetation dataset derived from segmentation of LiDAR-derived tree
approximate projects and a 1-m canopy height model; source of cover type assigned to each cell. [geospatial
data layer]

EVeg - California vegetation dataset derived primarily from Landsat imagery at the 30 m spatial resolution;
source of cover type assigned to each cell in the landscape buffer (i.e., cells without Ecobjects coverage
surrounding the core area of interest). [geospatial data layer]

FMR - Fire mortality rate; the probability that a burning cell will exhibit a high-mortality effect (i.e.,
complete canopy mortality), implemented at the cell level within individual fire events but summarized (e.g.,
averaged) for the landscape, cover type or some other designated subdivision of the landscape for some
designated period of time.

FRI - Fire return interval; the average number of years between fires at a specific location (i.e. point-specific),
or summarized (e.g., averaged) for the landscape, cover type or some other designated subdivision of the
landscape for some designated period of time.

FRP - Fire rotation period; the number of years to cumulatively burn an area equal in size to the landscape,
cover type or some other designated subdivision of the landscape for some designated period of time; aspatial
measure of the point-specific mean fire return interval.

Forest regeneration - Probability of tree establishment after high-mortality disturbance; determines how
quickly cells re-establish tree cover after canopy-replacing disturbance and thus how long cells remain in the
Open developmental stage without tree cover; component of forest succession in the landscape disturbance
and succession model.

HRV - Historical range of variability.

Isolated tree - Single tree in any stage of development post establishment to breast height (i.e., sapling
to tall-tree) in forest openings with a minimum distance of 5 m to the nearest tree; ecological attribute for
which a suite of landscape metrics are computed.

Landscape-level - Spatial extent of the entire landscape, i.e., Upper Yuba River watershed project area;
level at which many landscape metrics quantifying historical range of variabily and current departure are
computed.

Large forest opening - Contiguous forested cells in the Open developmental stage (i.e., no established trees
to breast height) encompassing a minimum of 0.04 ha (0.1 acres) and 5 m minimum width; ecological feature
for which a suite of landscape metrics are computed; not to be confused with how large forest openings have
been defined in other applications (e.g., Jeronimo et al. 2019).

LDSM - Landscape disturbance-succession mode; class of stochistic simulation model used in this applica-
tion.

LDSim - Landscape disturbance-succession simulator; LDSM developed for this project.
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Patch-level - Spatial extent of one large forest opening (defined above); level at which several landscape
metrics quantifying historical range of variability and current departure in large forest openings are computed.

Persistence/ Vegetative Persistence - Likelihood of persisting in either an early- or late-seral condition,
proxided by the observed mean fire return interval of high-mortality wildfires at the cell level. [geospatial
data layer]

Site-level - Spatial extent of a 40-m radius neighborhood around each focal cell; level at which many
landscape metrics quantifying historical range of variability and current departure are computed.

Spatial extent - Area of land encompassed at different levels of organization in modeled output (i.e., cell,
patch, site, and landscape).

Spatial grain - Area of finest spatial resolution in modeled output; equivalent to a single 5 m cell in this
application.

Stand-level - Varying spatial extent of a user-defined unit of vegetation, delineated either due to relatively
homogenous vegetation attributes or for management purposes based on logistical considerations; level not
used in this application for computing landscape metrics because of the heterogenous scale of stands, but
refered to in concept for suggested project-level application of the cell-, patch- and site-level results.

Succession - Establishment, gradual growth and/or development, and eventual senescence of vegetation
over time; key dynamic, multi-step, and stochastic process in the landscape disturbance and succession
model.

Temporal extent - Duration of time over which landscape dynamics are observed; set to the ~300-year
historical reference period, circa 1550-1850.

Temporal grain - Finest temporal resolution (i.e., single time step) in the landscape disturbance and
succession model; set to 5 years in this application.

TNF - Tahoe National Forest.

Vegetation state - Discrete states of vegetation composition and structure that a single cell or site (defined
above) could exist in during the simulation. [geospatial data layer]
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APPENDIX A

This appendix provides a detailed description of the geospatial data layers developed for the Upper Yuba
River Watershed project area to support the Historical Range of Variability Assessment. All final layers
were represented as 5-meter rasters (in a geotiff data format) with the following spatial reference system:

• Projected Coordinate System: Albers

– false_easting: 0.0
– false_northing: -4000000.0
– central_meridian: -120.0
– standard_parallel_1: 34.0
– standard_parallel_2: 40.5
– latitude_of_origin: 0.0
– Linear Unit: Meter

• Geographic Coordinate System: GCS_GRS 1980(IUGG, 1980)

– Datum: D_unknown
– Prime Meridian: Greenwich
– Angular Unit: Degree

Age

The Age layer represented vegetation age (years) and was a primary geospatial layer input to LDSim (Figure
A.1). Age was treated as a dynamic variable in the model, meaning that it potentially changed with each
timestep. For non-seral cover types, Age was treated as constant and given a null value (9998). For
shrubland cover types, Age represented the number of years since the last high-mortality disturbance. For
forested cover types, Age represented the number of years since establishment of trees to breast height (i.e.,
breast height age) and was an important input to the vegetation succession model, affecting the probability
of tree establishment following a high-mortality disturbance and vegetation growth following establishment.
Age was also an important input to the wildfire disturbance model, affecting susceptibility to wildfire and
severity via coarse fuel loads and tree resistance to wildfire intensity.
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Figure A.1. Map of the Age layer (breast height age; units = years) for the Upper Yuba River watershed
project area (displayed with hillshading).

The initial Age layer was developed from two primary sources:

1. Lidar: Lidar canopy height 1m raster data was obtained from the Tahoe National Forest with a nominal
date of June 2014. We used the Lidar data exclusively within the project area core and where it existed
in the buffer for cells classified as forest. Specifically, we resampled the 1 m height data to 5 m (based
on the “near” resampling algorithm that assigns to each 5m cell the value of the nearest underlying 1
m cell) and truncated the maximum height to 230 ft.
Shrublands: The shrubland cover types included: Shrubland, Big Sagebrush, Black and Low Sagebrush,
Curl-leaf Mountain Mahogany and Chaparral, although only Big Sagebrush and Chaparral occurred
in the Yuba River watershed project area. Canopy height for shrublands was classified into Age as
follows:

• Height < 1.5 ft -> Age = 0
• Height 1.5 - 6 ft -> Age = 50
• Height >6 ft -> Age = 100

Non-mafic forest: The non-mafic forest cover types included: Forest, Oak Woodland, Yellow Pine, Yel-
low Pine_Aspen, Oak-Conifer Forest andWoodland, Oak-Conifer Forest andWoodland_Aspen, Mixed
Evergreen, Mixed Evergreen_Aspen, Sierra Mixed Conifer, Sierra Mixed Conifer_Aspen, Lodgepole
Pine,Lodgepole Pine_Aspen, Subalpine Conifer, and Subalpine Conifer_Aspen. Next, we used canopy
height and our custom Site Index variable (see below) to predict total tree Age based on growth equa-
tions that we developed using FIA data (see main text for details). Briefly, we subtracted 7 years
from total tree age to estimate breast height age on non-mafic sites and 10 years on ultramafic sites
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to account for lower site productivity (Dunning and Reineke 1933, Dunning 1942), which served as
Age in our model. We recognized that many other local factors such as tree species and tree spacing
affect real-world tree height growth, and thus using Canopy Height and Site Index provided only a
crude approximation of true tree age, but we deemed this sufficient for the purposes of this modeling
exercise. We fit a Monomolecular function to the FIA plot tree data, but substituted our custom Site
Index variable for the conventional site index. The final growth equation to predict Height from total
Age and Site Index was given in the main text and depicted in Figure 28. To predict breast height
Age from Height and Site Index, we simply transformed the growth equation as follows:

Ait =
log(1− Hit

25.1311947+2.1416027Si
)

−0.0079204 − 7

where: Hit = Height of the ith cell in the tth time step; Si = Site Index of the ith cell; and Ait = breast
height Age of the ith cell in the tth time step. Note the subtraction of 7 years to adjust from total tree
age to breast height Age. In addition, we set the maximum predicted Age to 400 years.
Ultramafic forest: The ultramafic forest cover types included: Yellow Pine_Ultramafic, Oak-Conifer
Forest and Woodland_Ultramafic, Mixed Evergreen_Ultramafic, Sierra Mixed Conifer_Ultramafic,
Lodgepole Pine_Ultramafic, Red Fir_Ultramafic, and Subalpine Conifer_Ultramafic. The final growth
equation for ultramafic forest was based on the non-mafic forest growth equation above but with height
reduced by 15% for any given total Age and Site Index (based on an analysis of FIA data). To predict
breast height Age from Height, we simply transformed the growth equation as follows:

Ait =
log(1− Hit

0.85(25.1311947+2.1416027Si) )
−0.0079204 − 10

Note the subtraction of 10 years to adjust from total tree age to breast height Age. Again, we set the
maximum predicted Age to 400 years.
All other cover types: All other cover types included: Urban, Powerline, Agriculture, Water, Wetland,
Desert Riparian, Foothill Riparian, Montane Riparian, Barren, Herbaceous, Grassland, and Meadow.
We assigned No Age (=9998) to cells in these cover types within the extent of the Lidar data, reflecting
the fact that we chose to treat these cover types as static in LDSim.

2. Eveg: The California Eveg (Existing Vegetation) data was obtained from the USDA Forest Service
FSGeodata Clearinghouse (https://data.fs.usda.gov/geodata/edw/datasets.php) with a nominal date
of March 22 - Jan 18, 2018 (depending on the CalVeg Zone). We used the Eveg data to derive Age
only for cells in the project area buffer for which Lidar data were not available.
Shrublands: We assigned Age to shrubland cells based on the Shrub Cover-From-Above attribute
(SHRUB_CFA), as follows:

• SHRUB_CFA = ‘05’ -> Age 5
• SHRUB_CFA = ‘15’ -> Age 20
• SHRUB_CFA = ‘25’ -> Age 30
• SHRUB_CFA = ‘35’ -> Age 40
• SHRUB_CFA = ‘45’ -> Age 50
• SHRUB_CFA = ‘55’ -> Age 60
• SHRUB_CFA = ‘65’ -> Age 80
• SHRUB_CFA = ‘75’ -> Age 100
• SHRUB_CFA = ‘85’ -> Age 125
• SHRUB_CFA = ‘95’ -> Age 150

We recognized that the relationship between Age and Shrub Cover-From-Above was imperfect, but
we deemed this sufficient for the purposes of this modeling exercise, especially given our emphasis on
forested communities.
Forests: We assigned Age to all forest cells, including both non-mafic and ultramafic types, based on
the TREE_DBH attribute, as follows:
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• TREE_DBH = ‘00’ -> Age 0
• TREE_DBH = ‘02’ -> Age 15
• TREE_DBH = ‘07’ -> Age 30
• TREE_DBH = ‘15’ -> Age 60
• TREE_DBH = ‘25’ -> Age 100
• TREE_DBH = ‘40’ -> Age 200

Again, we recognized that the relationship between Age and Tree DBH was imperfect, but we deemed
this sufficient for the purposes of this modeling exercise, especially given that we applied this heuristic
only to the project area buffer where Lidar data were not available.
All other cover types: We assigned No Age (=9998) to cells in all other cover types as noted previously.

Aspect

The Aspect layer represented slope aspect class (Figure A.2). Aspect was treated as a static variable in
the model, meaning that it remained constant throughout the simulation. Aspect served as an input to
other layers and not as a direct input to LDSim. Specifically, Aspect was used in the derivation of the Heat
Load Index, which was used as an input to the Mesic and Energy Index layers and the composite Site Index
layer (see below), which were used in the vegetation succession model to affect vegetation establishment and
growth following a high-mortality disturbance. The Heat Load Index was also used directly in the wildfire
disturbance model to affect the risk of wildfire.

Figure A.2. Map of the Aspect layer for the Upper Yuba River watershed project area (displayed with
hillshading).
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The initial Aspect layer (degrees) was derived from the Elevation raster (see below) using the R terrain()
function in the Raster package. We subsequently classified the resulting layer into nine bins (eight 45 degree
bins plus flat), as follows:

• 1: 337.5 - 22.4 degrees -> North (N)
• 2: 22.5 - 67.4 degrees -> Northeast (NE)
• 3: 67.5 - 112.4 degrees -> East (E)
• 4: 112.5 - 157.4 degrees -> Southeast (SE)
• 5: 157.5 - 202.4 degrees -> South (S)
• 6: 202.5 - 247.4 degrees -> Southwest (SW)
• 7: 247.5 - 282.4 degrees -> West (W)
• 8: 282.5 - 337.4 degrees -> Northwest (NW)
• 9: flat

Available Water Storage

The Available Water Storage (AWS) layer represented the potential soil water storage (ml) to a depth of 150
cm (Figure A.3). AWS was treated as a static variable, meaning that it remained constant throughout the
simulation. AWS served as an input to the derivation of other layers and not as a direct input to LDSim.
Specifically, AWS was an input to the Mesic Index layer, which was used in the vegetation succession model
to affect vegetation establishment and growth following a high-mortality disturbance, as described in detail
in the main text.

Figure A.3. Map of the Available Water Storage (AWS) to 150 cm layer (units = ml) for the Upper Yuba
River watershed project area (displayed with hillshading).
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The AWS layer was derived from USGS NRCS gSSURGO soil data, downloaded from the NRCS Geospatial
data gateway (https://gdg.sc.egov.usda.gov/), with a nominal date of January 18, 2019. We used ArcMap
to extract the MasterunitRaster_10m layer from the gSSURGO geodatabase, clip to our project area extent,
then join the aws0150 attribute, and then exported the raster. Lastly, we processed the final raster in R to
reproject and resample to our project area 5 m reference raster.

Biophysical Classes

The Biophysical Class (BPC) layer represented biophysical setting classes derived for the purpose of sum-
marizing and describing (i.e., packaging) the HRV results (Figure A.33).

Figure A.33.

The BPC layer was created after the simulation was complete as described in detail in the main text and
briefly as follows:

• First, we derived a proxy for cumulative tree biomass production under dynamic equilibrium conditions
(i.e., HRV) at the cell level for all forested cells by summing tree Height (ft) values every 20 years
between simulation years 500-1,500.

• Next, to reduce the “noise” in the data owing to pixelation, we applied a 25x25 m focal mean smoothing
of the cumulative tree biomass layer. Thus, each 5 m cell value was replaced with the mean of the cell
values within a 5x5 cell window centered on the focal cell.

• Next, we randomly sampled one million cells and extracted the values of Biomass and the following 9
biophysical variables:
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– Precipitation
– Water balance deficit
– Available soil water
– Topographic wetness index
– Heat load index
– Growing degree days
– Topographic position index
– Aspect (linearly transformed along NE-SW axis)
– Elevation

• Next, we used a Random Forest analytical framework (Breiman 2001) to predict Biomass from the
biophysical site variables. Random Forest is a non-parametric machine learning technique that allows
for non-linear and heterogenous responses (e.g., biomass may respond differently to precipitation as
elevation increases) and thus can account for complex interactions among the predictors.

• Lastly, we classified predicted Biomass into 4 equal-area classes based on quartiles of the data, plus
a zero class for all non-forest cells. The final BPC layer included 4 classes ranging from the least
productive to most productive sites; i.e., supporting on average low to high cumulative tree Biomass
under historical dynamic equilibrium conditions (as simulated), plus an “unknown” class representing
non-forest areas (as mappped), with each class encompassing approximately 20% of the landscape.

• Postscript, although we used the final BPC layer described above to summarize and describe the range
of variation in landscape metrics, we also derived another BPC layer for management purposes by
simplifying the BPC raster into more practical units as follows:

– Removed water bodies (Lakes and streams)
– Dissolved all polygons < 10 acres into neighboring polygons (minimum mapping unit = 10 acres)
– Simplified polygons further by dissolving polygon sections < 22.86 m (75 ft) wide into neighboring

polygons.
– Deleted all “island” polygons < 5 acres, which left a handful of meaningful polygons that wee

between 5 and 10 acres.
– Converted the final polygon layer to a 5 m raster aligned with our project area 5 m reference

raster.

Buffer

The Buffer layer represented the categorical distinction between the project area “core” and “buffer” and
was a primary geospatial layer input to LDSim (Figure A.5). The Buffer layer was treated as a static layer,
meaning that it remained constant throughout the simulation. The Buffer layer served to distinguish the
simulation landscape (core plus buffer) from the target landscape (core). The purpose of the buffer was to
minimize boundary effects by allowing contagious disturbance events (i.e., wildfires) to spread onto and off
of the target landscape (i.e., the core).
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Figure A.5. Map of the Core and Buffer zones for the Upper Yuba River watershed project area (displayed
with hillshading). The Core represents the target landscape and the extent for which all historical range of
variability statistics were computed. The Buffer represents a 5 km buffer around the Core and was included
in the simulated landscape to minimize boundary effects on the computed statistics.

For this application, the core was determined by the extent of the Lidar-based Ecobjects data within the Yuba
River watershed and the buffer was derived by creating a 5 km buffer around the core. The final simulation
landscape was the core plus the buffer, although all simulation results were computed and reported for the
core only.

The Buffer layer was classified as follows:

• 1: core
• 2: buffer

Cover

The Cover layer represented the cover type (categorical) and was a primary geospatial layer input to LDSim
(Figure A.6). Cover was treated as a static variable, meaning that it remained constant throughout the
simulation. Cover served as a primary organizational layer in the model, affecting most aspects of succession
and disturbance. Cover type was interpreted to be a relatively stable biophysical setting that supports a
characteristic vegetation community under a natural disturbance regime. Hence, Cover was treated as a
categorical variable with a relatively discrete set of cover types that were assumed to be relatively stable
over time, at least under the historical reference period.
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Figure A.6. Map of the Cover layer for the Upper Yuba River watershed project area (displayed with
hillshading). Note, some of the cover types have been aggregated to facilitate the display and shorten the
legend

We developed a system of land cover classification building on the work of McGarigal et al (2018), which
was based on LandFire (2007) biophysical settings and the presettlement fire regimes of Van de Water
and Safford (2011), crosswalked to the Forest Service corporate spatial data based on the north Sierran
CALVEG classification using the Forest Service Region 5 existing vegetation layer (EVeg). We also considered
information from the updated A Guide to Wildlife Habitats of California (Mayer and laudenslayer 1988),
popularly known as the “Wildlife Habitat Relationship” cover types. Our classification included 41 cover
types, although many of these were variants of the major types based on the inclusion of Aspen in the stands
or the occurrence on ultramafic soils. Cover types included both potential natural vegetation types (i.e.,
the expected vegetation community in the presence of natural disturbance regimes, such as Sierran Mixed
Conifer) and current anthropogenic cover types (Urban, powerline, and Agriculture). The anthropogenic
cover types were retained in the HRV simulation because we had no way to predict the potential natural
vegetation type for these areas with any certainty, but collectively they represented <0.16% of the landscape.

The final cover type classification was as follows:

ID Cover type Abbreviation
1 Urban URB
2 Powerline POW
3 Agriculture AGR
10 Water WAT
11 Wetland WET
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(continued)
ID Cover type Abbreviation

12 Desert Riparian DRIP
13 Foothill Riparian FRIP
14 Montane Riparian MRIP
20 Barren BAR
30 Herbaceous HERB
31 Grassland GRASS
32 Meadow MED
40 Shrubland SHRUB
41 Big Sagebrush SAGE
42 Black and Low Sagebrush LSG
43 Curl-leaf Mountain Mahogany CMM
44 Chaparral MCP
50 Forest FOREST
51 Oak Woodland OAK
52 Pinyon-Juniper PJ
53 Yellow Pine YPN
54 Yellow Pine - Aspen YPN-A
55 Yellow Pine - Ultramafic YPN-U
56 Oak-Conifer Forest and Woodland OCFW
57 Oak-Conifer Forest and Woodland - Aspen OCFW-A
58 Oak-Conifer Forest and Woodland - Ultramafic OCFW-U
59 Mixed Evergreen MEG
60 Mixed Evergreen - Aspen MEG-A
61 Mixed Evergreen - Ultramafic MEG-U
62 Sierra Mixed Conifer SMC
63 Sierra Mixed Conifer - Aspen SMC-A
64 Sierra Mixed Conifer - Ultramafic SMC-U
65 Lodgepole Pine LPN
66 Lodgepole Pine - Aspen LPN-A
67 Lodgepole Pine - Ultramafic LPN-U
68 Red Fir RFR
69 Red Fir - Aspen RFR-A
70 Red Fir - Ultramafic RFR-U
71 Subalpine Conifer SCN
72 Subalpine Conifer - Aspen SCN-A
73 Subalpine Conifer - Ultramafic SCN-U

The Cover layer was developed from two primary sources:

1. Ecobjects: The Ecobjects vector data was obtained from the Tahoe National Forest with a nominal
date of June 2014. We used the Ecobjects data exclusively within the project area core and where it
existed in the buffer. With the modifications noted below, a set of heuristic rules (S.Conway) were
applied to assign one of the cover types to each Ecobject polygon.
Mixed Aspen: Mixed Aspen cover types were derived by overlaying the Ecobjects layer with a vector
Aspen layer (developed by TNF) and assigning any Ecobjects polygon that intersected an Aspen
polygon to the corresponding mixed Aspen cover type.

148



Ultramafic Forest: The Ultramafic cover types were derived by overlaying the Ecobjects layer with
a vector Ultramafic layer derived from a USGS Geology layer (https://pubs.usgs.gov/of/2005/1305/)
with the query: ORIG_LABEL==‘um’, and assigning any Ecobjects polygon that intersected an
Ultramafic polygon to the corresponding Ultramafic cover type.
Barren lands: Barren lands dominated by surface bedrock or unproductive rocky soils were under-
represented in Ecobjects and thus we supplemented the Barren cover type by “burning in” any cell
classified as barren (“BAR”) in the TNF “Historic Vegetation” layer.
Chaparral: Existing areas dominated by chaparral vegetation represented a unique challenge. Many of
these areas were previously forested and were currently in a shrubland state because of past wildfires
and anthropogenic disturbances (e.g., timber harvest, mining); however, many of these areas were on
sites that support persistent shrublands with few to no trees. We sought to distinguish the former
from the latter. To do so, we overlaid the areas classified as either mixed chaparral (MCH) or montane
chaparral (MCP) in the TNF “Historic Vegetation” layer with areas classified as very low timber
productivity in the TNF “Timber Productivity” layer (“Less than 20 cu ft per acre per year”). Areas
classified as both chaparral and very low timber productivity were “burned in” as Chaparral.
Water : The Water cover type was supplemented by “burning in” any cell classified as Large River in
the Streams layer (see below).
Wetlands: The Wetlands cover type was supplemented by “burning in” any cell classified as a Potential
Beaver Impoundment. Briefly, we developed a custom model to predict the potential for flooding of
streamside cells by beaver under the assumption of a saturated beaver population at carrying capacity
during the historical reference period. For each stream centerline cell with an estimated stream gradient
of < 10% (computed based on the stream reach of the focal cell up to a maximum of 100 m upstream
and downstream) and a flow accumulation of < 155,000,000 m2, we built a virtual beaver dam of 2 m
in height and then used a custom algorithm to flood all cells above that cell in the flow grid that were
< 2 m elevation above and within 300 m flow distance of the focal cell. After iteratively applying the
algorithm to every focal cell that met these criteria, we treated any cell that was virtually flooded as
a Wetland cell.

2. Eveg: The California Eveg (Existing Vegetation) data was obtained from the USDA Forest Service
FSGeodata Clearinghouse (https://data.fs.usda.gov/geodata/edw/datasets.php) with a nominal date
of March 22 - Jan 18, 2018 (depending on the CalVeg Zone). We used the Eveg data only within the
project area buffer where Ecobjects data were not available. We used the Eveg data CWHR_TYPE
attribute to reclassify each polygon to one of our cover types as follows:

CWHR type Abbreviation Cover type
Aspen ASP Sierra Mixed Conifer - Aspen
Blue Oak-Foothill Pine BOP Oak-Conifer Forest and Woodland
Blue Oak Woodland BOW Oak Woodland
Coastal Oak Woodland COW Oak Woodland
Closed-Cone Pine-Cypress CPC Forest
Douglas Fir DFR Mixed Evergreen
Desert Riparian DRI Desert Riparian
Eastside Pine EPN Yellow Pine
Eucalyptus EUC Forest
Jeffrey Pine JPN Sierra Mixed Conifer
Joshua Tree JST Forest
Juniper JUN Pinyon-Juniper
Klamath Mixed Conifer KMC Sierra Mixed Conifer
Lodgepole Pine LPN Lodgepole Pine
Montane Hardwood-Conifer MHC Oak-Conifer Forest and Woodland
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(continued)
CWHR type Abbreviation Cover type

Montane Hardwood MHW Mixed Evergreen
Montane Riparian MRI Montane Riparian
Pinyon-Juniper PJN Pinyon-Juniper
Palm Oasis POS Forest
Ponderosa Pine PPN Sierra Mixed Conifer
Redwood RDW Forest
Red fir RFR Red Fir
Subalpine Conifer SCN Subalpine Conifer
Sierran Mixed Conifer SMC Sierra Mixed Conifer
Valley Oak Woodland VOW Oak Woodland
Valley Foothill Riparian VRI Foothill Riparian
White fir WFR Sierra Mixed Conifer
Alpine Dwarf-Shrub ADS Shrubland
Alkali Desert Scrub ASC Shrubland
Bitterbrush BBR Shrubland
Chamise-Redshank Chaparral CRC Shrubland
Coastal Scrub CSC Shrubland
Desert Scrub DSC Shrubland
Desert Succulent Shrub DSS Shrubland
Desert Wash DSW Shrubland
Low Sage LSG Curl-leaf Mountain Mahogany
Mixed Chaparral MCH Shrubland
Montane Chaparral MCP Shrubland
Sagebrush SGB Big Sagebrush
Annual Grass AGS Grassland
Fresh Emergent Wetland FEW Wetland
Pasture PAS Agriculture
Perennial Grass PGS Grassland
Saline Emergent Wetland SEW Wetland
Wet Meadow WTM Meadow
Estuarine EST Water
Lacustrine LAC Water
Marine MAR Water
Riverine RIV Water
Cropland CRP Agriculture
Dryland Grain Crops DGR Agriculture
Deciduous Orchard DOR Agriculture
Evergreen Orchard EOR Agriculture
Irrigated Grain Crops IGR Agriculture
Irrigated Row and Field Crops IRF Agriculture
Irrigated Hayfield IRH Agriculture
Orchard-Vineyard OVN Agriculture
Rice RIC Agriculture
Urban URB Urban
Vineyard VIN Agriculture
Barren BAR Barren
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Disclaimer : We acknowledged the potential discrepancy between using existing vegetation cover as depicted
in the Ecobjects and Eveg datasets to map cover types that were intended to represent relatively stable
biophysical settings and vegetation communicites that developed under the historical natural disturbance
regime (a.k.a. potential natural vegetation). However, we deemed this acceptable for two reasons. First,
mapping existing vegetation has far less uncertainty than mapping potential natural vegetation and there
was no reliable empirical basis for mapping the latter. Second, we believed that the existing distribution
of cover types has not yet significantly departed from the historical distribution. Thus, for our purposes
of modeling historical range of variability we deemed the distribution of existing vegetation to be the best
approach.

Developmental Stage

The Developmental Stage layer represented the successional stage of vegetation development (categorical)
and was a major component of the Vegetation State layer (see below) that served as a primary geospatial
layer input to LDSim (Figure A.7). Developmental Stage was treated as a dynamic variable in the model,
meaning that it potentially changed with each timestep. Developmental Stage was primarily used in the
classification of vegetation states for the purpose of characterizing and quantifying landscape structure.

Figure A.7. Map of the Developmental Stage layer for the Upper Yuba River watershed project area (dis-
played with hillshading).

The Developmental Stage layer was developed from two primary sources:

1. Lidar: The Lidar-derived canopy height layer (see Age above) was used exclusively within the project
area core and where the data were available in the project area buffer, as follows:
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Shrublands: The shrubland cover types included: Shrubland, Big Sagebrush, Black and Low Sagebrush,
Curl-leaf Mountain Mahogany and Chaparral, although only Big Sagebrush and Chaparral occurred in
the Yuba River watershed project area. Canopy height for shrublands was classified into Developmental
Stages as follows:

• Height < 3 ft -> Developmental Stage 1 (Early shrub)
• Height 3 - 6 ft -> Developmental Stage 2 (Mid shrub)
• Height ≥ 6 ft -> Developmental Stage 3 (Late shrub)

Forests: The forest cover types included all forest types, including both non-mafic and ultramafic types.
Canopy height for forested areas was classified into Developmental Stages as follows:

• Height < 4.5 ft -> Developmental Stage 4 (Open)
• Height 4.5 - 24 ft -> Developmental Stage 5 (Sapling)
• Height 25 - 49 ft -> Developmental Stage 6 (Pole)
• Height 50 - 74 ft -> Developmental Stage 7 (Short-tree)
• Height 75 124 ft -> Developmental Stage 8 (Medium-tree)
• Height ≥ 125 ft -> Developmental Stage 9 (Mature)

All other cover types: All other cover types included: Urban, Powerline, Agriculture, Water, Wetland,
Desert Riparian, Foothill Riparian, Montane Riparian, Barren, Herbaceous, Grassland, and Meadow.
We assigned a non-seral Developmental Stage (= 0) to cells in these cover types, reflecting the fact
that we chose to treat these cover types as static in LDSim.

2. Eveg: The Eveg data was used only within the project area buffer where Lidar data were not available,
as follows:
Shrublands: The initial Developmental Stage for shrublands was also derived from the Age and Site
Index layers. However, we treated shrublands as having only three Developmental Stages: Early-shrub,
Mid-shrub and Late-shrub. We assigned cells to a stage based on a transition probability given by
the following Logistic function. Cells with a probability of < 0.5 of transitioning to the Mid-shrub
stage were assigned to the Early-shrub stage; otherwise, cells with Age > 100 were assigned to the
Late-shrub stage, and all remaining cells were assigned to the Mid-shrub stage:

Pit = e(b0+b1Ait+b2Si)

1 + e(b0+b1Ait+b2Si)

where: b0 - b-2 were user-specified Logistic parameters that could vary among shrubland cover types;
Ait = Age of the ith cell in the tth time step; Si = Site Index of the ith cell; and Pit = probability of
Developmental Stage transition of the ith cell in the tth time step.
The transition from Early- to Mid-shrub stage for the Big Sagebrush cover type was as depicted in
Figure A.8.

152



Figure A.8. Probability of Developmental Stage transition from the Early stage to the Mid stage as
a Logistic function of Developmental Stage Age (yrs) and Site Index, shown for the range of our Site
Index (SI) across Big Sagebrush shrubland sites.
The transition from Early to Mid Developmental Stage for the Chaparral cover type was as depicted
in Figure A.9.
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Figure A.9. Probability of Developmental Stage transition from the Mid stage to the Late stage as a
Logistic function of Developmental Stage Age (yrs) and Site Index, shown for the range of our Site
Index (SI) across Chaparral shrubland sites.
Forests: The initial Developmental Stage for forests was derived from the Age and Site Index layers.
We used Age and our custom Site Index variable (see below) to predict tree Height based on the growth
equation described in the main text, with the adjustment noted above for ultramafic forest types (i.e.,
15% reduction in height for any given age and site index). Predicted tree height was then classified
into Developmental Stages as given above:
All other cover types: We assigned a non-seral Developmental Stage (=0) to cells in all other cover
types as noted previously.

Elevation

The Elevation layer represented elevation (m) and was a primary geospatial layer input to LDSim (Figure
A.10). Elevation was treated as a static variable in the model, meaning that it remained constant through-
out the simulation. Elevation served as an input to the derivation of serval other layers as well as a direct
input to LDSim. Specifically, Elevation was used to derive several terrain indices, including Slope, Aspect,
Topographic Wetness Index, Topographic Position Index, and Heat Load Index that were directly or in-
directly inputs to the Mesic, Energy and Site Index layers, which were used in the vegetation succession
model to affect vegetation establishment and growth following a high-mortality disturbance, as described
in detail in the main text. Elevation was also used directly in the wildfire disturabnce model to affect the
spread of wildfires related to the rate of spread uphill versus downhill during an individual disturbance event.
Lastly, Elevation was used to determine stream gradient which was an input to the model of potential beaver
impounded wetlands which was incorporated into the Cover layer.
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Figure A.10. Map of the Elevation layer (units = m) for the Upper Yuba River watershed project area
(displayed with hillshading).

The Elevation layer was derived from two primary sources:

1. Ecobjects: The Ecobjects 1 m raster data was obtained from the Tahoe National Forest with a nominal
date of June 2014. We used the Ecobjects data exclusively within the project area core and where the
data existed within the buffer. We resampled the original 1 m raster to our reference 5 m raster for
use in LDSim.

2. National Elevation Data (NED): The USGS Digital Elevation Model (DEM) 1/3 arc (~10 m) data
was obtained from the National Geospatial Program (https://viewer.nationalmap.gov/basic/). We
used the NED primarily to derive the terrain indices as discussed below, which we deemed were more
meaningfully derived from the coarser 10 m resolution data than from the finer resolution data available
for the project area core from Ecobjects, and for the project area buffer. We derived a smoothed version
of the 10 m NED for use in deriving the terrain indices (Topographic Wetness Index, Topographic
Position Index, and Heat Load Index) based on a subjective evaluation of the terrain indices derived
from the raw versus smoothed 10 m NED. Specifically, we used the R gauss2dsmooth() function in
the smoothie package with a lambda (bandwidth or standard deviation of 3 cells, 15 m) to derive the
smoothed 10 m raster. We processed the final raster in R to reproject and resample to our project area
5 m reference raster.

Energy Index

The Energy Index layer represented an unitless index of site productivity based on heat and light energy
inputs (Figure A.11). The Energy Index was treated as a static variable, meaning that it remained constant
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throughout the simulation. The Energy Index served as an input to the derivation of the Site Index layer
and not as a direct input to LDSim. Specifically, the Energy Index was combined with the Mesic Index
to create the composite Site Index layer (see below), which was used in the vegetation succession model to
affect vegetation growth following tree establishment, as described in detail in the main text.

Figure A.11. Map of the unitless Energy Index layer for the Upper Yuba River watershed project area
(displayed with hillshading).

The Energy Index layer was derived from the following layers: Growing Degree Days and Heat Load Index
(described elsewhere), as follows:

• First, we rescaled each of the component layers using z-scores (i.e., subtracting the regional mean and
dividing by the regional standard deviation) and truncated at ± 3 standard deviation units. Each of
the resulting layers had a mean of 0 and a standard deviation of 1. Note, this put each layer on the
standard deviation unit scale and trimmed any outliers that occurred beyond 3 standard deviation units
from the mean. To achieve consistency in the results when applied to other project areas within the
north Sierra ecoregion, we developed each of the component layers for the entire north Sierra ecoregion,
computed the mean and standard deviation for each layer, and used these as the benchmarks for the
standardization. The benchmarks were as follows:

Layer Mean Standard.Deviation
Heat Load Index 0.81 0.14
Growing Degree Days 3560.08 1066.75
Energy Index 54.57 14.27
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• Second, each of the component layers was range rescaled 0-100. This had the sole effect of maintaining
the shape of the distribution but stretching the scale from -3 to 3 in z-scores to 0 to 100. This was
done solely for the purpose of allowing the data format of the stored layer to be an unsigned interger
and thus have a smaller file size.

• Third, we computed the average value across the two layers and stored this as the “raw” Energy Index
layer.

• Lastly, we rescaled the raw Energy Index using z-scores based on benchmarks derived from the north
Sierra ecoregion (see table above) and range-rescaled the result as described above. This final index
has a theoretical range of 0-100; the realized the distribution within the Yuba River watershed project
area is shown in Figure A.12.

Figure A.12. Distribution of Energy Index values within the Upper Yuba River watershed project area.

Growing Degree Days

The Growing Degree Days (GDD) layer represented an estimate of the average number of degree days above
0 degrees Celsius per year between 1981-2010 (Figure A.13). GDD was treated as a static variable, meaning
that it remained constant throughout the simulation. GDD was an input to the derivation of the Energy
Index (described elsewhere) and not as a direct input to LDSim. Specifically, GDD was one of two inputs
to the Energy Index which was one of two components to the composite Site Index layer (see below), which
was used in the vegetation succession model to affect vegetation growth following tree establishment, as
described in detail in the main text.
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Figure A.15. Map of the unitless Heat Load Index (HLI)layer for the Upper Yuba River watershed project
area (displayed with hillshading).

The GDD layer was derived from the California Landscape Conservation Partnership Climate Commons 2014
California BCM (Basin Characterization Model) Downscaled Climate and Hydrology - 30-year Summaries
for the period 1981-2010 at 270m resolution (http://climate.calcommons.org/dataset/2014-CA-BCM). We
computed the 30-year average of the monthly maximum and minimum temperatures for each month of the
year, multiplied the number of degrees Celsius above 0 by the number of days in the month, and summed
the computed degree days across the 12 months of the year. The resulting GDD provided an estimate of
the total heat energy input to a site over the course of a year. The use of a 0 degree Celsius threshold was
based on Kelly and Goulden (2016) who documented significant photosynthetic activity (>50% of maximum)
among conifers in Sierra Nevada forests when temperatures exceeded 0 degrees Celsius. We processed the
final raster in R to reproject and resample to our project area reference raster.

Heat Load Index

The Heat Load Index (HLI) layer represented a unitless index of heat load based on potential direct incident
solar radiation and was a primary geospatial layer input to LDSim (Figure A.15). HLI was treated as a
static variable in the model, meaning that it remained constant throughout the simulation. HLI was an input
to both the Energy and Mesic Indices which were components of the composite Site Index layer (see below),
which was used in the vegetation succession model to affect vegetation growth following tree establishment,
as described in detail in the main text. HLI was also used directly in the wildfire disturbance model to affect
the susceptibility to wildfire.

158

http://climate.calcommons.org/dataset/2014-CA-BCM


Figure A.15. Map of the unitless Heat Load Index (HLI)layer for the Upper Yuba River watershed project
area (displayed with hillshading).

The HLI layer was derived from the Slope and Aspect layers derived from the smoothed 10 m Elevation layer
(descriptions elsewhere) and the latitude of the project area based on equation 1 in McCune and Keon (2002),
as implemented in the R hli() function in the spatialEco package. Note, as McCune and Keon state, “while
potential direct incident radiation is symmetrical about the north-south axis, temperatures are not, because
a slope with afternoon sun will have higher maximum temperatures than an equivalent slope with morning
sun. A reasonable approximation to heat load (as implemented in HLI) is to make the scale symmetrical
about the northeast-southwest line.” We processed the final raster in R to resample to our project area 5 m
reference raster.

Mesic Index

The Mesic Index layer represented an unitless index of site productivity based on moisture availability and
was a primary geospatial layer input to LDSim (Figure A.16). Mesic Index was treated as a static variable
in the model, meaning that it remained constant throughout the simulation. The Mesic Index was used
directly in the vegetation succession model to affect vegetation establishment. The Mesic Index was also
combined with the Energy Index to create the composite Site Index layer (see below), which was used in the
vegetation succession model to affect vegetation growth following tree establishment, as described in detail
in the main text.
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Figure A.16. Map of the unitless Mesic Index layer for the Upper Yuba River watershed project area
(displayed with hillshading).

The Mesic Index layer was derived from the following layers: Precipitation, Topographic Wetness Index, Heat
Load Index, Water Balance Deficit, and Available Water Storage (see descriptions elsewhere), as follows:

• First, we rescaled each of the component layers using z-scores (i.e., subtracting the regional mean and
dividing by the regional standard deviation) and truncated at ± 3 standard deviation units. Each of
the resulting layers had a mean of 0 and a standard deviation of 1. Note, this put each layer on the
standard deviation unit scale and trimmed any outliers that occurred beyond 3 standard deviation units
from the mean. To achieve consistency in the results when applied to other project areas within the
north Sierra ecoregion, we developed each of the component layers for the entire north Sierra ecoregion,
computed the mean and standard deviation for each layer, and used these as the benchmarks for the
standardization. The benchmarks were as follows:

Layer Mean Standard.Deviation
Precipitation 1284.90 460.57
Topographic Wetness Index 12.25 1.16
Heat Load Index 0.81 0.14
Water Balance Deficit 692.10 93.67
Available Water Storage 9.70 6.47
Mesic Index 43.59 9.37

• Second, each of the component layers was range rescaled 0-100. This had the sole effect of maintaining
the shape of the distribution but stretching the scale from -3 to 3 in z-scores to 0 to 100. This was
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done solely for the purpose of allowing the data format of the stored layer to be an unsigned interger
and thus have a smaller file size.

• Third, we computed the average value across the five layers and stored this as the “raw” Mesic Index
layer.

• Lastly, we rescaled the raw Mesic Index using z-scores based on benchmarks derived from the north
Sierra ecoregion (see table above) and range-rescaled the result as described above. This final index
has a theoretical range of 0-100; the realized distribution within the Yuba River watershed project area
is shown in Figure A.17.

Figure A.17. Distribution of Mesic Index values within the Upper Yuba River watershed project area.

Precipitation

The Precipitation layer represented an estimate of total annual precipitation (mm) for the period 1981-2010
(Figure A.18). Precipitation was treated as a static variable, meaning that it remained constant throughout
the simulation. Precipitation served as an input to the derivation of other layers and not as a direct input to
LDSim. Specifically, Precipitation served as an input to the Mesic Index, which was used in the vegetation
succession model to affect vegetation establishment following a high-mortality disturbance, and which was
one of the components of the composite Site Index layer (see below), which was used in the vegetation
succession model to affect vegetation growth following tree establishment, as described in detail in the main
text.
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Figure A.18. Map of the Precipitation layer (units = mm) for the Upper Yuba River watershed project area
(displayed with hillshading).

The Precipitation layer was derived from the California Landscape Conservation Partnership Climate Com-
mons 2014 California BCM (Basin Characterization Model) Downscaled Climate and Hydrology - 30-year
Summaries for the period 1981-2010 at 270m resolution (http://climate.calcommons.org/dataset/2014-CA-
BCM). We processed the final raster in R to reproject and resample to our project area 5 m reference raster.

Site Index

The Site Index layer represented an unitless index of site productivity and was a primary geospatial layer
input to LDSim (Figure A.19). Site Index was treated as a static variable in the model, meaning that it
remained constant throughout the simulation. Site Index was used in the vegetation succession model to
affect vegetation growth following tree establishment, as described in detail in the main text.
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Figure A.19. Map of the unitless Site Index layer for the Upper Yuba River watershed project area (displayed
with hillshading).

The Site Index layer was derived as a weighted composite of the Mesic Index and Energy Index (described
elsewhere), as described in detail in the main text. Briefly, we used FIA tree data to model tree height as
a Monomolecular function of Age and Site Index (i.e.,site index curves), but such that the Site Index was
derived as a weighted combination of the Mesic and Energy Indices. The relative weighting of the two indices
varied with elevation according a Logistic function in which the parameters of the Logistic function were
estimated while fitting the site index curves. In addition, the Logistic weighting function was fit separately
for sites on the westside versus eastside of the Sierra crest owing to differences in the relative importance of
moisture versus energy limitations on tree growth between westside and eastside forests.

As with the component Mesic and Energy Indices, the fitted raw Site Index was rescaled using z-scores based
on benchmarks derived from the north Sierra ecoregion and range-rescaled, as described previously for the
component indices. The benchmarks were as follows:

Layer Mean Standard.Deviation
Site Index 49.3 13.94

The final index has a theoretical range of 0-100; the realized distribution within the Yuba River watershed
project area is shown in Figure A.20.
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Figure A.20. Distribution of Site Index values within the Upper Yuba River watershed project area.

Slope

The Slope layer represented percent slope (Figure A.21). Slope was treated as a static variable, meaning
that it remained constant throughout the simulation. Slope served as in input to the derivation of other
layers and not as a direct input to LDSim. Specifically, Slope was in input to the Heat Load Index which
was an input to both the Mesic and Energy Indices and thus the composite Site Index layer, which were used
in the vegetation succession model to affect vegetation establishment and growth following a high-mortality
disturbance. Slope indirectly affected other aspects of the model, such as the spread of wildfires, but in this
regard slope was calculated “on the fly” via the Elevation layer (which was an input to LDSim).
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Figure A.21. Map of the Slope layer (units = percent) for the Upper Yuba River watershed project area
(displayed with hillshading).

The Slope layer (perent) was derived from the 10 m elevation layer using the R rsaga.slope() function in the
RSAGA package. We truncated the maximum slope to 126 percent, then smoothed the surface using the
R gauss2dsmooth() function in the smoothie package with a lambda (bandwidth or standard deviation of 3
cells, 15 m), and finally resampled to our project area 5 m reference raster.

Streams

The Streams layer represented rivers and streams categorically based on size and was a primary geospatial
layer input to LDSim (Figure A.22). Streams was treated as a static variable in the model, meaning that
it remained constant throughout the simulation. Streams was used as input to the Cover layer (see above)
and in the wildfire disturabnce model to affect the spread of fires.
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Figure A.22. Map of the Streams layer for the Upper Yuba River watershed project area (displayed with
hillshading). Note, the legend labels parenthetically indicate the range of stream orders assigned to each
stream class

We intially derived streams from the USGS NHD High Resolution streams data downloaded from USGS
National Geospatial Program: The National Map (http://prd-tnm.s3-website-us-west-2.amazonaws.com/
?prefix=StagedProducts/Hydrography/NHD/State/HighResolution/GDB/NHD_H_California_State_
GDB.zip), but ultimately decided to create streams from elevation raster for consistency with other
elevation-derived layers (e.g., Topographic Wetness Index) and because they appeared to be more accurate
than the NHD streams on average. The final Streams layer for the Yuba River watershed project area was
derived as folows:

• First, we filled sinks in the 5 m elevation raster using the Fill Sinks (Wang & Liu) tool in the Prepro-
cessing toolbox in SAGA GIS.

• Next, we computed flow direction and flow accumulation based on filled DEM using the Flow Accu-
mulation (Flow Tracing) tool in the Hydrology toolbox in SAGA GIS.

• Next, we derived vector stream channels based on the filled DEM and flow direction grids using the
Channel Network tool in the Channels toolbox in SAGA GIS. This resulted in a shapefile with stream
order (or link magnitude) as an attribute.

• Next, we classified streams into three size classes based on stream Order, as follows:

– Order > 249 -> stream class 1 (Large)
– Order 51 - 249 -> stream class 2 (Medium)
– Order < 51 -> stream class 3 (Small)
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• Next, we buffered streams based on stream class such that the buffer width was 0.5 m for small streams
and increased progressively from 1 to 25 m for larger streams as stream Order increased. Note, buffer
width refers to the distance imposed on each side of the stream, so the total width of the final buffered
stream was equal to twice the buffer width (i.e., 1 m for small stream and 50 m for the largest river)

• Lastly, we rasterized the shapefile file based on stream class ensuring alignment with our project area
5 m reference raster.

Tau Index

The Tau Index layer represented a unitless index used to apply polymorphous site index curves and was a
primary geospatial layer input to LDSim (Figure A.23). The Tau Index was treated as a static variable in
the model, meaning that it remained constant throughout the simulation. The Tau Index corresponded to
a set of parameters used to construct site index curves for each cell that affected tree height growth in the
vegetation succession model, as described in detail in the main text. Briefly, the Tau Index was constructed
as follows:

Figure A.23. Map of the unitless Tau Index layer for the Upper Yuba River watershed project area (displayed
with hillshading).

• First, using FIA tree data, we fit a model to predict tree height as a Monomolecular function of total
tree age and site index (i.e., site index curves) using Nonlinear Least Squares (NLS) in R. The fitted
model predicted the expected or average tree height given total tree age and site index.
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• Next, We fit a normal distribution to the residuals of the function above. Each residual represented
the deviation of the observed tree height from the expected or average tree height given the tree’s total
age and site index. We rescaled the residuals to range 0-1 prior to fitting a normal distribution, and
saved the estimated standard deviation to quantify the spread of observed tree heights (i.e., variation)
around the expected or average value to be used below. In effect, the standard deviation provided a
quantitative measure of the “noise” or uncertainty in the fitted site index curves.

• Next, we fit the same model above but with Nonlinear Quantile Regression (NLRQ) in R, for quantiles
(termed Tau in NLRQ) ranging from 0.01-0.99 at intervals of 0.01. For example, a Tau of 0.01 fit the
Monomolecular function to the observations representing the 1st percentile of the data; i.e., observations
falling well below the expected or average value given total age and site index. Conversely, a Tau of 0.99
fit the same function to the observations falling well above the expected or average value. Thus, Tau
values ranging from 0.01-0.99 fit Monomolecular functions (i.e., site index curves) to the full range of
the data. Each Tau value produced a unique set of estimates for the parameters of the Monomolecular
function, and thus produced a site index curve that varied slightly in shape as the Tau value increased.
The result was a set of polymorphic site index curves that captured the full range of the observed data.

• Lastly, we assigned a Tau value to each cell that determined site index curve applied to each cell for the
duration of the simulation. The assigned Tau value determined whether each cell adopted a site index
curve above or below the average for the cell’s Site Index. For example, a cell assigned a Tau of 0.5
would realize the expected or average site index curve for that cell’s Site Index, whereas a cell assigned
a Tau of say 0.9 would realize a site index curve much higher than the expected or average for that
cell’s Site Index. For this purpose, we opted not to randomly assign a Tau value to each cell as this
would not preserve the observed spatial autocorrelation in tree height growth. Instead, we surmised
that the spatial autocorrelation in tree height growth was likely driven by the spatial autocorrelation
in underlying physical site conditions (e.g., terrain). Exploratory analyses indicated that tree height
growth was weakly related to topographic position and aspect. Consequently, we modeled Tau as a
Logistic function of Topographic Position Index (TPI) and a linear transformation of Aspect along
a northeast-southwest axis, and assigned equal weight to TPI and Aspect such that Tau decreased
with increasing topographic position and increased towards northeasterly aspects. We transformed the
resulting Tua distribution to match that of the residual distribution described above.

Topographic Position Index

The Topographic Position Index (TPI) layer represented a unitless index of topographic position based on
the elvation surface and was a primary geospatial layer input to LDSim (Figure A.24). TPI was treated
as a static variable in the model, meaning that it remained constant throughout the simulation. TPI was
used in the wildfire disturabnce model to affect the intensity and thus severity of wildfire.
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Figure A.24. Map of the unitless Topgraphic Position Index (TPI) layer for the Upper Yuba River watershed
project area (displayed with hillshading). Note, higher values are associated with upper slopes and ridges,
and lower values are associated with lower slopes and valleys.

The TPI layer was derived from the smoothed 10 m Elevation layer (see above) using the R tpi() function
in the spatialEco package. TPI is based on the mean deviation in elevation between the focal cell and the
neighboring cells within a specified window. The optimal window size depends on the scale of the topography
and the objective of the analysis. Here, we subjectively evaluated a wide range of window sizes and ultimately
selected a size of 305 m (61 cells) as this appeared to capture the distinction between the major ridges and
valleys the best. We processed the final raster in R to reproject and resample to our project area 5 m
reference raster.

Topographic Wetness Index

The Topographic Wetness Index (TPI) layer represented a unitless index of topographic wetness based on
the potential for water to accumulate resulting from the predicted quantity of water flowing to a site and
the predicted rate of drainage from the site (i.e., water balance) (Figure A.29). TWI was treated as a
static variable, meaning that it remained constant throughout the simulation. TWI served as in input to
the derivation of other layers and not as a direct input to LDSim. Specifically, TWI was an input to the
Mesic Index and Site Index layers, which were used in the vegetation succession model to affect vegetation
establishment and growth following a high-mortality disturbance, as described in detail in the main text.
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Figure A.29. Map of the unitless Topgraphic Wetness Index (TWI) layer for the Upper Yuba River watershed
project area (displayed with hillshading). Note, higher values are associated with wetter areas and lower
values are associated with drier areas.

The TWI layer was derived from the 10 m precipitation and smoothed Elevation layers (see abaove) by
computing the Sage Wetness Index (SWI) in the Hydrology toolbox in SAGA GIS. The Precipitation layer
was used as weights in the calculation of SWI, such that each cell was weighted based on its Precipitation
value in contributing to the watershed flow accumulation component of the index. The TWI layer effectively
distinguished low-lying valley bottoms and floodplains (i.e., areas likely to collect water) from drier ridetops
and steep slopes. We processed the final raster in R to reproject and resample to our project area 5 m
reference raster.

Tree Cover Class

The Tree Cover Class layer represented the density of neighboring cells with established trees (categorical)
and was a major component of the Vegetation State layer (see below) that served as a primary geospatial layer
input to LDSim (Figure A.25). Tree Cover Class was treated as a dynamic variable in the model, meaning
that it potentially changed with each timestep. Tree Cover Class was primarily used in the classification of
vegetation states for the purpose of characterizing and quantifying landscape structure.
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Figure A.25. Map of the Tree Cover Class layer for the Upper Yuba River watershed project area (displayed
with hillshading).

The Tree Cover Class layer was derived from the Developmental Stage and Cover layers. We computed Tree
Cover Class only for cells classified as forest; all other cells were assigned the value zero. Tree Cover Class
was calculated as follows:

• First, we constructed a uniform circular kernel with a radius of 40 m. The resulting kernel in its raster
form gave equal weight to all cells within 40 m of the focal cell.

• Next, we computed the kernel density of valid cells (i.e., cells of forest cover based on the Cover
layer with established trees based on the Developmental Stage layer) and divided it by the maximum
potential density that would have been obtained if all the forested cells in the kernel had established
trees. The resulting index respresented the proportion of neighboring forested cells with established
trees and was loosely interpreted as a biased estimate of percent canopy cover.

• Lastly, we classified the kernel density index, applying the same thresholds for all forest cover types,
plus a zero class for all non-forest cells, as follows:

– Density < 0.1 -> Tree Cover class 1 (Isolated)
– Density 0.1 - 0.24 -> Tree Cover class 2 (Sparse)
– Density 0.25 - 0.39 -> Tree Cover class 3 (Scattered)
– Density 0.4 - 0.59 -> Tree Cover class 4 (Clump)
– Density ≥ 0.6 -> Tree Cover class 5 (Dense)
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Tree Diameter

The Tree Diameter layer represented the estimated diameter (in) at breast height (DBH) of a cell with an
established tree (Figure A.26). Tree Diameter was treated as a dynamic variable in the model, meaning
that it potentially changed with each timestep. Tree Diameter was the input to the Tree Quadratic Mean
Diameter layer (see blow) which was created primarily for the purpose of characterizing and quantifying
landscape structure.

Figure A.26. Map of the Tree Diameter (in) layer for the Upper Yuba River watershed project area (displayed
with hillshading).

The Tree Diameter layer was derived from the Tree Height (see below) and Cover type layers. We computed
Tree Diameter only for cells classified as forest with an established tree; all other cells were assigned the
value zero. The creation of the Tree Diameter layer is described in detail in the main text, and thus only
briefly summarized here.

• First, we used Forest Inventory and Analysis (FIA) data from the north Sierra ecoregion and Quantile
Regression (QR) estimation to fit the following polynomial function for a range of quantiles (also
referred to a Tau in QR) for each cover type. Specifically, we fit the following quadratic polynomial
function to Tau values ranging from 0.01-0.99 at intervals of 0.01:

Dit = b0[k]Hit + b1[k]H
2
it

where: b0[k] and b0[k] were estimated slope parameters representing the rate at which tree diameter
increased nonlinearly per unit increase in tree height for the kth cover type; Hit = tree height (ft) the
ith cell in the tth times step; and Dit = tree diameter (in) of the ith cell in the tth time step.
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• Next, we randomly assigned a Tau value to each cell to indicate whether that cell would realize a
diameter growth curve above or below the average for the cell’s cover type. For this purpose, we
opted to randomly assign a Tau value to each cell because we reasoned that diameter growth was
largely determined by the distance to neighboring trees at a very fine scale which we could not relate
to any spatial variable we could account for. Thus, we simply assigned a random Tau value drawn
from a normal distribution with a mean of 0.5 and a standard deviation equal to that observed in the
normalized residuals from the fitted equation above (i.e., 0.16) to each cell, ensuring that the random
Tau values fell within the range 0.01-0.99 corresponding to the range of Tau values fitted.

• Lastly, at each time step we applied the fitted equation above corresponding to the cell’s cover type
and Tau to predict tree diameter.

Tree Height

The Tree Height layer represented the estimated height (ft) of a cell with an established tree (Figure A.27).
Tree Height was treated as a dynamic variable in the model, meaning that it potentially changed with each
timestep. Tree Height was the primary input to the Developmental Stage and Tree Diameter layers which
were created primarily for the purpose of characterizing and quantifying landscape structure.

Figure A.27. Map of the Tree Height (ft) layer for the Upper Yuba River watershed project area (displayed
with hillshading).

The Tree Height layer was derived from the Age, Site Index and Cover type layers. We computed Tree Height
only for cells classified as forest with an established tree; all other cells were assigned the value zero. The
creation of the Tree Height layer is described in detail in the main text, and thus only briefly summarized
here.
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• First, we used Forest Inventory and Analysis (FIA) data from the north Sierra ecoregion and Non-
Linear Quantile Regression (NLQR) estimation to fit the following Monomolecular function for a range
of quantiles (also referred to a Tau in QR) for non-mafic forest cover types pooled. Specifically, we fit
the following Monomolecular function to Tau values ranging from 0.01-0.99 at intervals of 0.01:

Hit = (b0 + b3SIi)(1− e−b2T Ait)

where: b0 - b2 were estimated parameters; SIi = site index of the ith cell; TAit = total tree age of the
ith cell in the tth time step; and Hit = predicted tree height (ft) of the ith cell in the tth time step. Note,
the site index variable in this equation was our custom Site Index variable (described previously).
Each Tau value produced a unique set of estimates for the parameters of the Monomolecular function,
and thus produced a site index curve that varied slightly in shape as the Tau value increased. The
result was a set of polymorphic site index curves that captured the full range of the observed height
growth relationships. In addition, there were insufficient data to model height growth separately for
ultramafic sites, and based on additional analyses chose to use the fitted model above but reduce height
growth by 15% for ultramafic sites.

• Next, we randomly assigned a Tau value to each cell to indicate whether that cell would realize a site
index curve above or below the average for the cell’s Site Index. For this purpose, we created an index
layer that partially preserved the spatial autocorrelation in the Site Index layer. Thus, we simply
assigned a random Tau value drawn from a normal distribution with a mean of 0.5 and a standard
deviation equal to that observed in the normalized residuals from the fitted equation above (i.e., 0.12)
to each cluster of cells with the same index value, ensuring that the random Tau values fell within the
range 0.01-0.99 corresponding to the range of Tau values fitted.

• Lastly, at each time step we applied the fitted equation above corresponding to the cell’s cover type
and Tau to predict tree height.

Tree Size Class

The Tree Size Class layer represented the quadratic mean diameter (QMD) of established trees in the
neighborhood of the focal cell (Figure A.28). Tree Size Class was treated as a dynamic variable in the
model, meaning that it potentially changed with each timestep. Tree Size was created primarily for the
purpose of characterizing and quantifying landscape structure.
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Figure A.28. Map of the Tree Size Class layer for the Upper Yuba River watershed project area (displayed
with hillshading).

The Tree Size Class layer was derived from the Tree Diameter layer. We computed Tree Size Class only for
cells classified as forest; all other cells were assigned the value zero. Tree Size Class was calculated as follows:

• First, we constructed a uniform circular kernel with a radius of 40 m. The resulting kernel in its raster
form gave equal weight to all cells within 40 m of the focal cell.

• Second, we computed QMD as follows:

Qit =

√∑
d2

ijk

nit

where: dijk
2 = diameter at breast height of the kth cell with an established tree within the window of

the ith cell in the tˆth time step; nit = number of cells with an established tree within the window of
the ith cell in the tth time step; and Qit = QMD (in) of the ith cell in the tth time step. Note, QMD
was computed for all forested cells regardless of whether the focal cell had an established tree or not;
thus, it was a measure of the neighborhood QMD centered on the forested focal cell. All non-forest
cells were assigned a QMD of 0.

• Lastly, we classified QMD, applying the same thresholds for all forest cover types, plus a zero class
for all non-forest cells and forested cells without established trees (i.e., developmental stage = 4), as
follows:

– QMD ≤ 1 in -> Tree Size class 1 (non-established trees or seedlings)
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– QMD 1.1 - 5.9 in -> Tree Size class 2 (Sapling)
– QMD 6 - 10.9 in -> Tree Size class 3 (Pole)
– QMD 11 - 23.9 in -> Tree Size class 4 (Small-tree)
– QMD 24 - 29.9 in -> Tree Size class 5 (Medium-tree)
– QMD ≥ 30 in -> Tree Size class 6 (Large-tree)

Vegetation State

The Vegetation State layer represented the discrete states of vegetation composition and structure that a
cover type could exist in during the simulation and was a primary geospatial layer input to LDSim (Figure
A.30). Vegetation State was treated as a dynamic variable in the model, meaning that it potentially changed
with each timestep. Vegetation State was created primarily for the purpose of characterizing and quantifying
landscape structure.

Figure A.30. Map of the Vegetation States layer for the Upper Yuba River watershed project area (displayed
with hillshading).

The Vegetation State for non-seral cover types remained constant (i.e., there was only a single state defined).
The Vegetation State for seral cover types was derived from the combination of Developmental Stage and Tree
Cover. However, since shrublands did not have varying Tree Cover classes, their final states were equivalent
to their Developmental Stage (Early-shrub, Mid-shrub, and Late-shrub). The final set of Vegetation States
were as follows:
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Class State Abbreviation
0 Non-seral NS
10 Early-shrub EARLY_SHRUB
20 Mid-shrub MID_SHRUB
30 Late-shrub LATE_SHRUB
41 Open_isolated OPEN_ISO
42 Open_sparse OPEN_SPARSE
43 Open_scattered OPEN_SCAT
44 Open_clump OPEN_CLUMP
45 Open_dense OPEN_DENSE
51 Sapling_isolated SAPLING_ISO
52 Sapling_sparse SAPLING_SPARSE
53 Sapling_scattered SAPLING_SCAT
54 Sapling_clump SAPLING_CLUMP
55 Sapling_dense SAPLING_DENSE
61 Pole_isolated POLE_ISO
62 Pole_sparse POLE_SPARSE
63 Pole_scattered POLE_SCAT
64 Pole_clump POLE_CLUMP
65 Pole_dense POLE_DENSE
71 Short-tree_isolated SHORT_ISO
72 Short-tree_sparse SHORT_SPARSE
73 Short-tree_scattered SHORT_SCAT
74 Short-tree_clump SHORT_CLUMP
75 Short-tree_dense SHORT_DENSE
81 Medium-tree_isolated MEDIUM_ISO
82 Medium-tree_sparse MEDIUM_SPARSE
83 Medium-tree_scattered MEDIUM_SCAT
84 Medium-tree_clump MEDIUM_CLUMP
85 Medium-tree_dense MEDIUM_DENSE
91 Tall-tree_isolated TALL_ISO
92 Tall-tree_sparse TALL_SPARSE
93 Tall-tree_scattered TALL_SCAT
94 Tall-tree_clump TALL_CLUMP
95 Tall-tree_dense TALL_DENSE

Vegetation State Age

The Vegetation State Age layer represented the number of years in the current Vegetation State and was a
primary geospatial layer input to LDSim (Figure A.31). Vegetation State Age was treated as a dynamic
variable in the model, meaning that it potentially changed with each timestep. As with Age, for non-seral
cover types Vegetation State Age was treat as constant and given a null value (9998). For seral cover
types Vegetation State Age represented the number of years in the current Developmental Stage. Note,
we used Developmental Stage instead of Vegetation State here since Developmental Stage represented the
primary successional gradient. The Tree Cover class that combined with Developmental Stage to form
the Vegetation States was considered more of a secondary attribute created for the purpose of describing
landscape structure. Vegetation State Age was an input to LDSim and tracked during the simulation, but
in this particular application it was not used in any of the succession and wildfire disturbance models so it
was essentially benign.
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Figure A.31. Map of the Vegetation State Age layer (units = years) for the Upper Yuba River watershed
project area (displayed with hillshading).

Nevertheless, the initial Vegetation State Age layer was derived as follows:

Non-mafic forest: For the non-mafic forest cover types we derived Vegetation State Age by subtracting the
current Age from the minimum Age for each Developmental Stage. We computed the minimum Age for each
Developmental Stage by substituting the minimum canopy height in the vegetation growth equations that
we developed to predict Age from vegetation height and Site Index, as follows:

Ait =
log(1− Hit

25.1311947+2.1416027Si
)

−0.0079204 − 7

• Developmental Stage 4 (Open):
Vit = 0

• Developmental Stage 5 (Sapling):

Vit = Ait −
log(1− 4.5

25.1311947+2.1416027Si
)

−0.0079204 − 7

• Developmental Stage 6 (Pole):

Vit = Ait −
log(1− 25

25.1311947+2.1416027Si
)

−0.0079204 − 7)

• Developmental Stage 7 (Short-tree):

Vit = Ait −
log(1− 50

25.1311947+2.1416027Si
)

−0.0079204 − 7)
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• Developmental Stage 8 (Medium-tree):

Vit = Ait −
log(1− 75

25.1311947+2.1416027Si
)

−0.0079204 − 7)

• Developmental Stage 9 (Tall-tree):

Vit = Ait −
log(1− 125

25.1311947+2.1416027Si
)

−0.0079204 − 7)

where: Ait = Age of the ith cell in the tth time step; Si = Site Index of the ith cell; and Vit = Vegetation
State Age of the ith cell in the tth time step. Note the subtraction of 7 years to adjust from total tree age
to breast height Age.

Ultramafic forest: For the ultramafic forest cover types we derived Vegetation State Age by subtracting the
current Age from the minimum Age for each Developmental Stage. We computed the minimum Age for each
Developmental Stage by substituting the minimum canopy Height in the vegetation growth equations that
we developed to predict Age from vegetation Height and Site Index for the ultramafic forest cover types,
which involved a 15% reduction in Height for a given Age and Site Index, as follows:

• Developmental Stage 4 (Open):
Vit = 0

• Developmental Stage 5 (Sapling):

Vit = Ait −
log(1− 4.5

0.85(25.1311947+2.1416027Si) )
−0.0079204 − 10

• Developmental Stage 6 (Pole):

Vit = Ait −
log(1− 25

0.85(25.1311947+2.1416027Si) )
−0.0079204 − 10

• Developmental Stage 7 (Short-tree):

Vit = Ait −
log(1− 50

0.85(25.1311947+2.1416027Si) )
−0.0079204 − 10

• Developmental Stage 8 (Medium-tree):

Vit = Ait −
log(1− 75

0.85(25.1311947+2.1416027Si) )
−0.0079204 − 10

• Developmental Stage 9 (Tall-tree):

Vit = Ait −
log(1− 125

0.85(25.1311947+2.1416027Si) )
−0.0079204 − 10

Note the subtraction of 10 years to adjust from total tree age to breast height Age.

Shrublands: For the shrubland cover types we derived Vegetation State Age by subtracting the current Age
from the minimum Age for each Developmental Stage, as follows:

• Developmental Stage 1 (Open):
Vit = Ait

• Developmental Stage 4 (Young):
Vit = Ait − 20

• Developmental Stage 5 (Mature):
Vit = Ait − 60
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Water Balance Deficit

The Water Balance Deficit (WBD) layer represented the potential water balance deficit (mm) based on the
difference between an estimate of Potential Evapotranspiration (PET) and an estimate of Actual Evapotran-
spiration (AET) (Figure A.32). WBD was treated as a static variable, meaning that it remained constant
throughout the simulation. WBD served as in input to the derivation of other layers and not as a direct input
to LDSim. Specifically, WBD was an input to the Mesic Index which was a component of the composite
Site Index layer, which were used in the vegetation succession model to affect vegetation establishment and
growth following a high-mortality disturbance, as described in detail in the main text.

Figure A.32. Map of the Water Balance Deficit (WBD) layer (units = mm) for the Upper Yuba River
watershed project area (displayed with hillshading).

The WBD layer was derived from the California Landscape Conservation Partnership Climate Commons 2014
California BCM (Basin Characterization Model) Downscaled Climate and Hydrology - 30-year Summaries
for the period 1981-2020 at 270m resolution (http://climate.calcommons.org/dataset/2014-CA-BCM). We
processed the PET and AET rasters in R to reproject, difference them, and resample to our project area 5
m reference raster.
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APPENDIX B

This appendix provides additional details on the parameterization of the Landscape Disturbance-Succession
Simulator (LDSim) for the Upper Yuba River Watershed Historical Range of Variability Assessment.

Wildfire Susceptibility

As described in the text, wildfire susceptibility was modeled as a Logistic function of fuels and climate for
most cover types. The fuels component was modeled as a Logistic function of the number of years since the
last fire (fuelAge) and the Heat Load Index (hli). The climate component was modeled as a Logistic function
of the Wildfire Climate Index which was based on the inverted and rescaled 5-year mean Palmer Modified
Drought Index. The fuels and climate components were combined with a geometric mean to produce the
final Wildfire Susceptibility Index. The final function included 5 beta coeffients (b0 - b4). We used expert
opinion to specify the beta coefficients for each cover type. We varied the b0 and b1 coefficients among cover
types to reflect differences in reported historical mean fire return intervals among cover types - shifting the
response curves left or right so that the inflection point (Wildfire Susceptibility Index = 0.5) roughly equaled
the target mean return interval - and held the Heat Load Index coefficient (b2) and Climate coefficients (b3
and b4) the same across all cover types to reflect the global affect of topography and climate on wildfire
susceptibility.

The figures below depict the final wildfire susceptibility response functions for each cover type in alphebetical
order (noting that some cover types did not have response functions as noted in the text). The response
functions depict the wildfire Susceptibilty Index as a Logistic function of the number of years since the last
fire (Years since fire). The dashed, solid and dotted lines depict the response functions for the minimum,
mean and maximum Heat Load Index (hli), and the red, black and green sets of lines depict the response
functions for the minimum, mean and maximum Wildfire Climate Index.
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Wildfire Mortality

As described in the text, wildfire mortality (i.e., the probability of high mortality or death of the overstory
vegetation in each 5 m cell that burned) was determined by a complex function involving two major factors:
1) fire intensity, which was a Logistic function of the fuel loads in the neighborhood of the focal cell (proxided
by the age of the vegetation and time since the last fire), the topographic position of the focal cell, and the
climate conditions in the current time step; and 2) the resistance of the focal cell, which was a negative
exponential function of the age of the vegetation in the focal cell in which the rate of exponential decline
with age decreased with increasing fire intensity (see main text for details). The complex wildfire mortality
function included 6 user-specified beta coefficients. As described in the main text, b0 - b4 were held constant
across all cover types. We varied b5 and b6 among cover types to reflect differences in reported historical
mean fire return intervals and high mortality rates among cover types. Specifically, we varied these two beta
coefficients during model calibration to either increase or decrease the rate of exponential decline in high
mortality with increaseing vegetation age as a function of fire intensity to achieve the target percentage of
high mortality rate in each cover type.

The figures below depict the final wildfire mortality response functions for each cover type in alphebetical
order. Cover types not shown either were not eligible to burn (e.g., water, barren) or were always assigned
a high mortality response after burning (e.g., grassland, meadow). The response functions depict the proba-
bility of high mortality wildfire as a negative exponential function of vegetation Age (yrs) and fire intensity
(as indexed). The dashed, solid and dotted lines depict the response functions for the minimum, mean and
maximum Fire Intensity Index.
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