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Increasing access to open data can offer unprecedented opportunities to conduct and share
actionable science involving forest ecology, management, and conservation. This dissertation
recounts three diverse applications of open data and ecosystem data science in the Pacific
Northwest, USA: (i) to generate maps of forest conditions that can be easily updated as new earth
observation data arrive; (ii) to develop a reproducible workflow to recalibrate the Forest
Vegetation Simulator (FVS), a widely used growth-and-yield model, as new field observations
arise; and (iii) to quantify tradeoffs in timber, carbon, and cash flow among alternative
management approaches in Douglas-fir forests. Compiling a multi-agency dataset across Oregon
and Washington, I demonstrate the potential for modern Machine Learning algorithms to
effectively learn and generalize relationships between forest structure attributes with remote
sensing across multiple ecoregions. Utilizing an extensive network of repeated forest inventory
measurements, [ highlight opportunities to simplify FVS equations and software maintenance

while improving predictions of diameter growth for sixteen diverse tree species and learning



growth drivers simultaneously across multiple ecoregions from coastal Washington through
California. Finally, by translating an open dataset depicting forest conditions across the landscape
to stand-level units, I employ more than 250,000 simulations of forest management across western
Oregon and Washington to conduct a tradeoff analysis involving varying rotation lengths, levels
of green tree retention, and extent of riparian buffers. I find that forest management following
Forest Stewardship Council requirements is likely to produce substantially higher carbon storage
in forests and in wood products at a significant opportunity cost in terms of net present value of
timber revenue compared to business-as-usual management following state forest practice
regulations in both Oregon and Washington. Together, these three applications illustrate common
use cases for forest data and technology to enhance decision-making capacity and understanding
of current forest conditions, how confidently we can model forest dynamics, and how alternative
management approaches can lead to important tradeoffs relevant to forest owners, managers,

policymakers, and consumers of forest products.
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Chapter 1. Tradeoffs in Timber, Carbon, and Cash Flow under
Alternative Management Systems for Douglas-Fir in the

Pacific Northwest

This chapter is reproduced from an article that has been published in the journal Forests.
The copyright is held by the authors under the Creative Commons Attribution 4.0 International
License (CC BY 4.0). This License permits free sharing, copying, and redistribution of the work
as long as the original source is attributed and any changes that have been made are indicated
without implying endorsement by the authors. A full copy of the License can be found here:

https://creativecommons.org/licenses/by/4.0/. The preferred citation for this article is:

Diaz, D.D.; Loreno, S.; Ettl, G.J.; Davies, B. Tradeoffs in Timber,
Carbon, and Cash Flow under Alternative Management Systems for Douglas-
Fir in the Pacific Northwest. Forests 2018, 9, 447.
https://doi.org/10.3390/f9080447

1.0 ABSTRACT

Forest management choices offer significant potential to mitigate global climate change
and biodiversity loss. To illuminate tradeoffs relevant to policymakers, forest sector stakeholders,
and consumers of forest products, we utilize three Key Performance Indicators—average carbon
storage in the forest and wood products; cumulative timber output; and discounted cash flow—to
compare four alternative management scenarios for Douglas-fir forests on 64 parcels across
western Oregon and Washington. These scenarios are designed to meet one of two alternative
management objectives: (i) maximize Net Present Value; or (i1) maximize sustained timber yield;
according to one of two alternative sets of forest practice constraints: (i) compliance with minimum
Oregon/Washington Forest Practices Act (FPA) rules; or (i1) two key requirements (increased
green tree retention and wider riparian buffers) of Forest Stewardship Council (FSC) certification.
Improved performance in terms of carbon storage for these alternatives generally also
corresponded with reduced Net Present Value and timber yields. The gap between FSC and FPA
performance indicators was wider in Oregon than Washington, which is primarily attributed to the

higher level of stream protection required under Washington versus Oregon FPA rules. We
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observed consistently higher average carbon storage per cumulative timber output among FSC
scenarios relative to business-as-usual, indicating FSC-certified wood carries an embedded carbon
benefit. Our findings highlight options for targeted policies to incentivize management that
increases carbon storage and minimizes disruptions in timber output, as well as for narrowing the
financial gap (or opportunity cost) that would be involved in a transition away from contemporary
common practice on industrial timberlands in the coastal Douglas-fir forests of the Pacific

Northwest.

1.1 INTRODUCTION

The Productivity and Management of Coastal Douglas-Fir Forests

The coastal temperate forests of the Pacific Northwest are among the most productive
ecosystems in the world (Waring and Franklin, 1979). Long-lived tree species such as Douglas-fir
(Pseudotsuga menziesii (Mirb.) Franco), western hemlock (7suga heterophylla (Raf.) Sarg.), and
western redcedar (Thuja plicata Don ex D. Don) and conducive growing conditions (Gholz, 1982)
interact to enable the accumulation of immense forest biomass over time (Franklin and Dyrness,
1988). Oregon and Washington are the two largest producers of softwood lumber in the USA,
generating 16.5% and 11.8% of the country’s softwood lumber supply in 2015 (Oregon Forest
Resources Institute, 2017). Roughly half of the productive forestland in the region, and nearly 90%
of forest industry softwood timberland, is covered by Douglas-fir and western hemlock forest types
(Haynes, 2003). Douglas-fir dominates timber volume and revenue production in the region and
generally plays a foundational role in management, conservation, and policy decisions related to
forests throughout the Pacific Northwest.

The management of Douglas-fir on industrial timberland in the Pacific Northwest west of
the Cascade Range (see project area in Figure 1.1) is generally intensive, following an even-age
silvicultural system including the selection of genetically superior planting stock, site preparation
and the broadcast application of herbicides to limit shrub and broadleaf competition, and regeneration
harvests (i.e., harvest to initiate a new stand) around financially optimal rotation ages of 40—50 years

(Haynes, 2003; van Kooten et al., 1995; Talbert and Marshall, 2005).
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The restructuring of

industrial timberland ownership
and vertical disintegration of major
timber industry firms in the USA
since the 1980s has given rise to an
increasingly consolidated set of
“financialized” investment entities
such as Timberland Investment
Management Organizations and
Real
(Binkley, 2007; Gunnoe, 2016;

Bliss et al.,, 2010). These new

Estate Investment Trusts

timberland brokers and owners,
backed primarily by institutional
investors, have since replaced
nearly all the largest industrial
private forest companies in the
USA (Bliss et al., 2010). This
ownership shift has been described
as the “financialization of
landownership” and corresponds
with an emphasis on silvicultural
systems designed to maximize the
return on  investment  from
timberland (Binkley, 2007; Bliss et

al., 2010).
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Figure 1.1. Study area.

Actual FSC-certified parcels are distinguished from
randomly selected parcels. All parcels are subject to the
same suite of simulated management practices (both
~FSC and ~FPA scenarios). FPA: Forest Practices Act;
FSC: Forest Stewardship Council.

The practice of managing Douglas-fir forests in the Pacific Northwest for maximum

sustained yield of timber (i.e., rotations that maximize timber yield vs. those that maximize return

on investment) has become progressively less common among private timberland owners

(Binkley, 2007). For even-aged silvicultural systems, the divergence between the ‘biological

rotation age’ at which maximum sustained yield would be achieved and younger ‘financial rotation
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age’ at which maximum return on investment would be achieved has been well-recognized in
forestry since the nineteenth century, and has played a fundamental role in forest economics ever
since (Brazee, 2001).

A variety of long-term field trials and simulation studies have demonstrated an opportunity
for long-term timber supply to be increased by the extension of rotation ages closer to the
culmination of Mean Annual Increment (MAI) of timber volume growth, and that the integration
of commercial thinning may extend the culmination of MAI further into substantially older ages
than current common practice (Brazee, 2001; Curtis, 1995; Curtis and Marshall, 1993; Curtis,
2006, 1997; Curtis et al., 2004). The extension of rotation ages is also well-established as a means
to increase average carbon storage in the forest system and is a common component in forest
carbon policies and research (van Kooten et al., 1995; Foley et al., 2009; Sohngen and Brown,
2008; Law et al., 2018; Téth et al., 2013; Fischer et al., 2017; Harmon and Marks, 2002). Previous
work investigating the potential for carbon sequestration incentives to support the extension of
rotation ages have specifically identified the coastal forests of the Pacific Northwest possessing
unrivaled sequestration potential under a variety of carbon accounting approaches (Foley et al.,

2009).
Policy Interest in Forest Sector Engagement in Climate Change Mitigation and Adaptation

In recent years, climate policy proposals in both Oregon and Washington have considered
forests for potential involvement in climate change mitigation as well as for investments of climate
program funds for adaptation. Although no economy-wide regulations of greenhouse gas
emissions have yet been implemented, State-level policy proposals based on a carbon tax or fee,
cap-and-trade, or variations such as “cap-and-invest” or “cap-and-dividend” have become an
almost-yearly occurrence and are currently active in both Oregon and Washington via the State
legislature and through citizens’ ballot initiatives. The role of forests within these programs is
especially relevant to local policymakers and forest sector stakeholders due to the historical natural
resource dependence of many rural communities in the Pacific Northwest and the growing
awareness of climate impacts on forests and communities in the region.

In this study, we focus primarily on the potential for forest management to contribute to
the mitigation side of this policy discussion because we anticipate incentive programs and potential

regulatory approaches dealing with the impacts of alternative forest management approaches on
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carbon balance. The exceptional productivity and biomass carrying capacity of coastal forests in
the Pacific Northwest justifies the attention paid to them, both in terms of private and public capital
investments in timberland management, as well as consideration of the climate change mitigation

potential these forests may offer.
Interest in the Carbon Footprint of Wood, and the Central Role Certification Has Come to Play

A growing emphasis on green building and reducing environmental impacts in architecture
and engineering fields has led to a proliferation of Environmental Product Declarations and a
corresponding interest in wood as preferable building material relative to more energy- and carbon-
intensive alternatives (Sathre and O’Connor, 2010; Bergman and Taylor, 2011). Our original
motivation for this work evolved from an analysis of ecosystem service impacts involved in the
construction and maintenance of The Bullitt Center, a six-story office building in Seattle,
Washington, USA designed to meet the standards developed by the International Living Future
Institute: The Living Building Challenge (Cowan et al., 2014). As part of this analysis, we were
tasked to quantify the embedded carbon storage impact involved with the procurement of wood
certified according to the Forest Stewardship Council (FSC) program. We evaluated the
“upstream” carbon implications of forest management as a distinct process from the “downstream”
design decisions regarding the use of wood or other materials in the construction of the building.

Programs that certify the sustainable management of forests have grown to assume a
fundamental role as independent gatekeepers for emerging programs focused on reducing the
environmental impacts humans produce. For example, the Living Building Challenge requires all
wood used in projects to be FSC certified, from salvaged sources, or intentionally harvested from
onsite. A similar preference existed for FSC-certified wood in the Leadership in Energy and
Environmental Design (LEED) green building certification for many years. Third-party
certification has also become a virtually universal requirement for all major forest carbon offset
crediting programs now in operation in the USA and abroad, with an estimated 99.7% of carbon
credits transacted globally involving the use of third-party certification (Hamrick and Gallant, 2017).
The most widely subscribed forest carbon program in the USA is operated under the cap-and-trade
program maintained by the State of California’s Air Resources Board, which requires forest
projects to demonstrate an independent certification of sustainable forest management in addition

to the carbon offset verification in order to be eligible for carbon crediting.
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Despite the preference for FSC in green building programs, very few examples exist of
research quantifying the impacts that the additional constraints on forest practices required to
achieve FSC certification may have. The most common approach to this type of analysis has
focused exclusively on traditional forestry indicators such as timber output, forest sector
employment in forest products processing, or financial performance of individual ownerships
(Mendell and Lang, 2013; Eriksson et al., 2007; Nebel et al., 2005; Bouslah et al., 2010), ignoring
the broader set of values, including ecological and social impacts, that form the basis of FSC
Principles and Criteria for certification (FSC International, 2015). The integrated consideration of
environmental impacts corresponding with FSC certification remains relatively sparsely covered
in the peer-reviewed literature (Toth et al., 2013). In this study, we explore these impacts and the
potential for FSC certification to function as a surrogate for more elaborate carbon offset crediting

mechanisms.
Research Objectives and Working Hypotheses

Our primary objective in this study is to quantify the impacts that selected silvicultural
practices associated with FSC-certification have compared to business-as-usual forest
management approaches. We build on earlier work by integrating both environmental and
economic indicators that are fundamental concerns in ongoing discussions of forest carbon and
climate policy. We apply three Key Performance Indicators (KPIs)—carbon storage, timber
output, and discounted cash flow—to illustrate the potential for new policies such as forest carbon
incentives to reduce financial barriers to the broader adoption of forest practices that increase
climate change mitigation and a host of other ecosystem services.

In general, we expect silvicultural systems which employ longer rotations (timed to the
culmination of Mean Annual Increment of merchantable timber volume) to carry and yield larger
timber volumes and store more carbon over time than the more financially attractive shorter
rotations. While greater timber output and carbon storage through extended rotations may seem
like a clear win-win from a policy perspective, we expect gains in carbon storage and sustained
timber yield to come at the expense of a non-trivial financial gap (or opportunity cost). This
financial gap is likely to present a substantial barrier to the adoption of new forest practices by
public and private landowners that could be engaged through programs focused on sequestering

more carbon and/or generating more timber (Rabotyagov and Lin, 2013).

Page 6 of 225



We also expect forest practices that retain more trees during regeneration harvests and
which reduce or exclude intensive management around streams to translate into higher forest
carbon storage over time. Forest certification programs that impose these types of constraints on
harvest practices, such as the FSC-US Standard in the Pacific Northwest, are therefore likely to
translate into additional carbon storage in the forest with a corresponding reduction in timber yield

and Net Present Value.

1.2 MATERIALS AND METHODS

Initial Forest Conditions

We assess the impact of alternative silvicultural practices using a range of forest conditions
across landscapes where intensive Douglas-fir management is commonly practiced in the Pacific
Northwest. A total of 64 parcels (covering 44,250 acres) were selected across western Oregon and
Washington with the intent of covering a spectrum from small-to-large parcel size, as well as from
sparse-to-dense coverage of riparian areas. Twenty-two of these parcels (covering 10,319
hectares/25,500 acres) have been FSC-certified (Figure 1.1). We selected the remaining 42 parcels
(covering 7,515 hectares/18,570 acres) from privately owned forest parcels larger than 40.5
hectares (100 acres) within the study region. These parcels were selected to offer a diverse set of
parcel sizes and extent of riparian cover and are intended to communicate the range of variability
that might be expected through the type of management scenarios we consider in this study if they
were applied more broadly across the region.

Because ground-based inventory data were not available across all parcels to delineate
stands or provide starting conditions, we utilized remotely sensed data to estimate initial forest
composition. We delineated each parcel using a 2.02 hectare (5 acre) hexagonal grid to
approximate management units, which are hereafter referred to as stands (Figure 1.2). Forest
inventory data were imputed to each stand from the Landscape Ecology, Modeling, Mapping &
Analysis group’s Gradient Nearest Neighbor (GNN) database (Ohmann and Gregory, 2002;
Ohmann et al., 2011; LEMMA, 2014). The GNN database provides a crosswalk between a raster
image with 30 x 30 m resolution to forest inventory plots for each pixel. We summarized pixel-
level inventory estimates up to the scale of the hexagonal stand using the majority forest type

across pixels within each hexagon and selected the most commonly identified inventory plot of
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that forest type within the hexagon to represent that stand (i.e., a single forest inventory plot of the

D Parcel Boundary

il
j
D MManagement Areas %
f?

Core RMZ ,
FPA RMZ 7 §
B rscrvz
0 0.25 0.5 km 4

Figure 1.2. Division of landscape into management units to be simulated.

Each parcel is sub-divided into 2.02 hectare (5 acre) ‘stands’, which are then intersected with
Riparian Management Zones (RMZs) to form distinct management units that are simulated
individually. The parcel above shows the core and non-core RMZ areas delineated following
FSC rules.

majority forest type to represent each stand).

We imputed topographical attributes including elevation, aspect, and slope to each stand
based on a Digital Elevation Model. Douglas-fir 50-year Site Index was estimated at the stand

level based on maps produced by Latta et al. (Latta et al., 2009). These Site Index predictions of
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Latta et al. were based on climatic drivers and vary relatively smoothly across the landscape; they
are therefore unlikely to accurately reflect changes in site productivity following topographic or
edaphic changes at small spatial scales (e.g., along streams or in rocky outcrops). Several measures
illustrating the correspondence between the imputed attributes of the parcels selected for modeling
and the landscape from which they were sampled are shown in Figure 1.3. Both the randomly
selected and actual FSC-certified parcels are generally representative of the landscape across
which they occur. The starting inventory conditions for randomly selected and FSC-certified
parcels in terms of stand age, basal area, volume, and biomass, are comparable in both Oregon and

Washington.
Management Systems

In this study, we consider even-aged wood-production-oriented silvicultural systems for
Douglas-fir. We do not evaluate other single species systems (e.g., red alder (4/nus rubra Bong.)),
those which intentionally retain more than one species (e.g., mixtures of Douglas-fir and western
hemlock that are also common in western Oregon and Washington), or any uneven-aged
management systems in this study. For each parcel, we develop four alternative management
scenarios which represent the unique combinations of two alternative objectives and two
alternative sets of management constraints. These four management scenarios will be referred to
as “BAU” (for Business as Usual), “SHORT~FSC”, “LONG~FSC”, and “LONG~FPA”. These

are each described in greater detail below.
Management Objectives

We designed our management scenarios to achieve one of two alternative management
objectives: maximize Net Present Value (NPV), or maximize the sustained yield of timber (in
terms of cubic volume of sawlogs). For each of these two objectives, we determined an optimal
rotation age. “Financially optimal” rotation ages for the NPV-maximizing scenarios were
identified as the age at which NPV peaked as the forest grew over time. For each financially
optimal rotation, the Soil Expectation Value (SEV), or the present value of perpetual management
of the land using that rotation age was also calculated. We calculated “biologically optimal”
rotation ages for yield-maximizing scenarios as the age at which the Mean Annual Increment of

total cubic volume culminated.
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Figure 1.3. Correspondence between selected parcels and the surrounding landscape.
The “surrounding landscape” refers to the extent of the US Environmental Protection Agency
Level 3 Ecoregions in western Oregon and Washington which include the sampled parcels.
Only areas with forest landcover according to the Gradient Nearest Neighbor Plot Database
for 2014 (LEMMA, 2014) are included in the calculation of these distributions, which are
visualized with a histogram based on counts of 30 x 30-meter pixels within each area of
interest. Horizontal lines in each graph showing the 25th and 75th percentiles (dotted lines)
and median (solid line). Site Index refers to the height of dominant Douglas-fir trees at age 50,
with values derived from Latta et al. (2009).

For both objectives, existing stands—with inventory derived from the GNN database—are
converted into a Douglas-fir forest based on a financially optimal conversion time determined
following Martin (Martin, 2013). Briefly, the optimal conversion time for each stand was
calculated when ‘value of forest” peaks starting with current forest conditions. As described by

Martin (2013), “value of forest’ is calculated as the sum of the NPV of harvestable timber (‘value

of trees’) in each year plus the discounted SEV for the future management of the stand as a
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Douglas-fir plantation. The initial regeneration/conversion harvest honored the green tree retention
and RMZ constraints described below (and in Supplementary Materials) and was followed by
planting of Douglas-fir. The varying levels of retention in each scenario produce different forest
structure and residual species composition after this initial harvest and over time, although they all
move the stands increasingly towards Douglas-fir monocultures across the 100-year simulation

timeframe.
Management Constraints

We impose two sets of alternative management constraints for each management objective
related to two primary silvicultural choices: the retention of live trees during regeneration harvests;
and the limitation or prohibition of harvest activities within Riparian Management Zones (RMZs).
The first set of constraints we model represents compliance with the minimum requirements of the
Oregon and Washington Forest Practices Acts (FPA) (Washington State Legislature, n.d.; Oregon
Secretary of State, n.d.). The second set of constraints represents compliance with two of the
primary requirements for certification under the Forest Stewardship Council (FSC) program (FSC-
UsS, 2012).

Although we model these constraints distinctly for each State, we do not capture the full
suite of requirements for compliance with either FPA or FSC rules. FSC tends to impose
substantial restrictions above and beyond the FPA rules in both States, although the additional
requirements for FSC certification are generally more pronounced for Oregon than for
Washington, which is primarily due to the difference in limitations on harvesting near streams
between Oregon and Washington FPA rules (see Figure 1.4). To help distinguish our selective
choice of management constraints from the full FSC and FPA rules, we denote the management
scenarios we simulate as ~FSC and ~FPA, respectively, reserving the unadorned acronyms FSC
and FPA to refer to actual FSC-certified parcels or the FSC standard and to FPA rules and
regulations.

We also do not apply the full flexibility permitted within FPA or FSC rules. For example,
we do not simulate the removal of trees left to satisfy green tree retention in non-riparian stands at
the time of a harvest during subsequent entries in neighboring management units, although this
appears to be common practice in Oregon and Washington. In our treatment of RMZs, retention

requirements are satisfied within each RMZ-designated polygon as a standalone management unit.
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Although FSC and FPA rules in both Oregon and Washington permit it, we do not count retention
in RMZs towards retention requirements in adjacent non-RMZ harvest units. Oregon and
Washington FPA rules assign varying RMZ widths and permit varying intensities of harvest within
RMZs depending on the stream type (e.g., fish- or non-fish-bearing perennial/seasonal), stream
size (Washington and Oregon), and site class (Washington). Although FSC permits single-tree
harvest in inner RMZ buffers and group selection in outer RMZ buffers, we have modeled all FSC
RMZs as no-touch because neither single-tree nor group selection harvests have been simulated.
In this context, the management actions simulated in this study are likely to portray a reduced
intensity of management in RMZs and adjacent harvest units than are technically permissible under
FPA and FSC rules.

Our simulation of ~FPA management scenarios generally errs on the side of conserving
more trees during harvests than would be likely following minimal compliance with FPA rules.
This is related in part to our choice not to model a variety of exceptions to general RMZ protections
(e.g., allowing the successive conversion of hardwood-dominated riparian stands through harvest
and establishment of new conifer cover over time).

Our simulation of ~FSC management scenarios also leaves out several important
requirements of FSC certification. For example, FSC rules discourage and limit the conversion of
natural forests to plantations, which we simulate in our study. FSC certification requires at least
10-25% of a Forest Management Unit to be maintained and/or restored to a natural or semi-natural
state wherever natural ecosystems have been previously converted to plantations. We do not
incorporate these constraints in our simulations but recognize that other studies considering set-
aside and maximum contiguous harvest area restrictions in FSC have indicated these constraints
would lead to additional reductions in harvestable timber volume over time beyond the impacts of

those constraints we included in this study (Téth et al., 2013; Mendell and Lang, 2013).
Silvicultural Systems

The combination of the two objectives (NPV or MSY) and two management constraints
(FPA or FSC) produce four separate management scenarios for each parcel, which are elaborated

in Table 1.;
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1. BAU or SHORT~FPA. “Business-as-usual” (BAU) management to maximize NPV under
the selected constraints of State FPA rules. This scenario represents common practice in
production forests of western Oregon and Washington.

2. SHORT~FSC. Management to maximize NPV under the green tree retention and RMZ
constraints required by FSC. “Short” refers to the relative length of the rotation age
compared to MSY -oriented scenarios.

3. LONG~FPA. Management to maximize the sustained yield of timber under the selected
constraints of State FPA rules. “Long” refers to the relative length of the rotation age
relative to the NPV-based management scenarios.

4. LONG~FSC. Management to maximize the sustained yield of timber under the selected
constraints of FSC certification.

Table 1.1. Silvicultural systems' and treatments applied to each of the parcels.

Activity BAU SHORT~FSC'! LONG~FPA LONG~FSC'!
Planting 1,075 tph 1,075 tph 1,075 tph 1,075 tph
Douglas-fir (435 tpa) (435 tpa) (435 tpa) (435 tpa)
V)
Commercial N N @ 55% SDImax °, @ fhs A)t S]ig)r/lax,
Thinning 2 one one thin to 45% SDImax n 102570
SDImax
@ 38-44 years (@ 3844 years @ 75 years @ 75 years
Regeneration 10 tpl:e>ta31r(; 5 em retain 10 tp;ia;g 5 em retain
Harvest e 30% pre-harvest e 10% of pre-
DBH basal area DBH harvest basal area
(4 tpa> 12 in DBH) (4 tpa>12 in DBH)

" Although these silvicultural systems are identified as ~FSC scenarios, they are not intended to reflect
the silvicultural systems now practiced by existing FSC-certified landowners. In general, silvicultural
systems we simulated are more intensive than those practiced by FSC-certified landowners in the
Pacific Northwest.

2 Commercial thinning was allowed after age 30, with re-entry as frequently as every 15-years if at
least 7 MBF/ha (3 MBF/ac) in harvest volume would be generated and only if the regeneration harvest
was not scheduled for at least another 15 years.

3 Methods for determining maximum Stand Density Index (SDImax) are described briefly below and in
the Supplementary Materials. DBH: diameter at breast height.

Key Performance Indicators

In this study, we utilize three Key Performance Indicators (KPIs) to compare forest
management scenarios: carbon storage, timber output, and discounted cash flow. These KPIs
provide information about the potential direct tradeoffs between a newly incentivized ecosystem
service, carbon storage, and more traditional KPIs from the forest sector including timber output
(which is often used to calculate down-stream economic/job impacts) and cash flow to the

landowner.
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Figure 1.4. Area encumbered by Riparian Management Zones under FPA and FSC rules for Oregon and Washington.
These graphs show the percentage of each parcel that is covered under no-touch/core and total RMZs for both FSC and FPA rules.
Points above/below the 1:1 line indicate RMZ buffers cover more/less area under FSC than FPA rules.
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Carbon Storage in the Forest and Wood Products

To ensure relevance for policymakers considering new voluntary incentive or regulatory
approaches to encourage forest carbon storage and sequestration, we quantify carbon storage in
this study considering those carbon pools typically included in forest carbon accounting and offset
crediting programs. These include above- and below-ground biomass of live trees, standing
biomass of dead trees, and carbon storage retained in in-use harvested wood products. This
approach is comparable to the accounting framework used by all major forest carbon accounting
and crediting programs (e.g., California Air Resources Board (ARB) Forest Carbon Protocol, the
Verified Carbon Standard, and the American Carbon Registry). Carbon offset accounting
frameworks do not reflect a full Life Cycle Assessment approach and generally omit several carbon
pools in the forest (e.g., downed dead wood) and following harvest removals (e.g., use of wood
for energy, wood products remaining in landfills), as well as greenhouse gas emissions related to
harvesting, transportation, wood products processing and distribution, or the combustion of harvest
residues (slash burning). Nevertheless, we believe this carbon accounting framework corresponds
to the most likely approach for quantifying parcel-level carbon reductions through forest carbon
incentive policies under discussion in Oregon and Washington.

We calculate the carbon storage KPI as the average volume of CO2-equivalent storage in
the forest and harvested wood products pools, net of leakage due to market effects, over a 100-
year timeframe. We generally follow the methods defined by the California ARB Forest Carbon
Protocol (California Air Resources Board, 2015). We apply a single decay factor to account for the
long-term average carbon storage in the harvested wood products pool. For this study region, this
decay factor corresponds to 42.1% of the carbon removed from a stand in the merchantable portion
of harvested trees being retained in wood products, on average, over 100 years. In addition, we
follow the ARB Protocol to account for leakage due to market effects (referred to as “Secondary
Effects Emissions” in the Protocol), which discounts any additional carbon stored in the forest if
there is a decrease in timber output relative to BAU. This effect assumes that a portion of any
decline in timber output from a parcel will be made up for by increased harvesting in other
locations, resulting in a “leakage” of the additional carbon stored in the “project area”. The ARB
Protocol assigns a 20% leakage factor to the difference of harvest removals in a given year between

the projected scenario and a BAU (or “baseline”) scenario if the projected scenario has generated
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a lower cumulative harvest volume than the baseline scenario up to that point in time. We diverge
from the ARB Protocol’s methods that establish a “baseline” for carbon offset crediting using a
long-term average of the BAU scenario that must be at least as high as the average carbon storage
in comparable forest types in an “Assessment Area”. We do not impose a long-term average
constraint on the BAU scenario for our calculation of additional carbon storage in alternative
scenarios, but rather make these calculations using the dynamic values of carbon storage in both

the BAU and the alternative management scenarios over the 100-year simulation timeframe.
Cumulative Timber Output

The timber output KPI is calculated as the cumulative sawlog volume (using Scribner
boardfoot measure) of merchantable wood produced by each management scenario. Volumes are
included for the following species: Douglas-fir, Sitka spruce (Picea sitchensis (Bong.) Carriére),
western hemlock, grand fir (4bies grandis (Douglas ex D. Don) Lindl.), noble fir (4bies procera
Rehder), Pacific silver fir (4dbies amabilis (Douglas ex Loudon) Douglas ex Forbes), western
redcedar, yellow cedar (Callitropsis nootkatensis (D. Don) Oerst. ex D.P. Little), red alder, and
bigleaf maple (Acer macrophyllum Pursh).

Merchantable boardfoot volume is included for softwood trees with a minimum diameter
at breast height (DBH) of 22.86 cm (9 in) to a minimum top diameter inside bark (DIB) of 15.24
cm (6 in). Merchantable boardfoot volumes are also included for two hardwood species—red alder,
and bigleaf maple—with a minimum DBH 0f 27.94 cm (11 in) up to a minimum top DIB of 20.32
cm (8 in). Boardfoot volumes are determined using 9.75 m (32 ft) log equations for softwoods and
4.88 m (16 ft) log equations for hardwoods. All boardfoot volume calculations include a deduction
fora 0.3 m (1 ft) stump. We also impose log volume adjustment factors to correct Scribner volume
overestimation observed when using the National Volume Estimator Library (NVEL) Behre’s
hyperbola equations available in FVS (Wang, 2017). Boardfoot “defect” adjustment factors were
calculated for several DBH classes for each merchantable tree species. The scales of these
adjustments were determined by quantifying the average correction needed to have NVEL
estimates match those produced by the regional volume equations utilized in the US Forest
Service’s Forest Inventory & Analysis Program (Waddell et al., 2014). These adjustment factors

are presented in the Supplementary Material.
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Discounted Cash Flow

For our third and final KPI, we calculate discounted cash flow using an annual discount
rate of 5%, which was chosen based on recent industry presentations/reports (Blacklock, 2016;
New Forests, 2013). Timber sale revenues are calculated using delivered log prices based on a
recent log price report from the Washington Department of Natural Resources (2018) and are
presented in Table 1.2. Management costs were determined based on a recent survey of industrial
forest landowners in the Pacific Northwest (Arney, 2016) and are presented in Table 1.3. We
calculate discounted cash flow using real discount rates and prices; inflation is not reflected in

these calculations.

Table 1.2. Delivered log prices. Table 1.3. Management costs.

Species $/MBF Activity $ Per
Douglas-fir 796 General administration 86  ha/year
Sitka spruce 450 Site preparation 210 ha
Western hemlock 640 Tree planting 0.73  seedling
Noble fir 640 Brush control (@ age 5) 334 ha
Grand fir 640 Harvest administration 5 MBF
Pacific silver fir 640 Hauling 100 MBF
Yellow cedar 640 Road maintenance 15 MBF
Western redcedar 1263 Ground-based harvest:

Red alder 852 Regeneration harvest 150  MBF
Bigleaf maple 499 Commercial thin 175 MBF
Notes: Derived from February Cable logging:

2018 log price report for Regeneration harvest 200 MBF

Washington “Coast Marketing
Area” (Washington Department
of Natural Resources, 2018).

Commercial thin 300 MBF

Embodied Carbon

We also present a hybrid indicator for the “embodied carbon” of wood products generated
in each management scenario, calculated as the average carbon stored in the forest and wood
products divided by the cumulative amount of timber produced over the modeling timeframe (100
years). This metric provides an indicator of the embedded carbon footprint for timber generated
under each alternative management regime, which may be useful in the same context that

greenhouse gas displacement factors can be used to quantify the benefits of utilizing wood in place
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of more carbon-intensive building materials (Sathre and O’Connor, 2010), or in the context of
Environmental Product Declarations, which seek to quantify the environmental impact of products

commonly considered by builders.
Incentives or Price Premiums that Close the Financial Gap with BAU

Alternatives to BAU forest practices are generally expected to provide a lower return on
investment given current market conditions and policies. In many forest carbon offset standards,
this assumption is often explicitly identified as a financial barrier to the adoption of new practices
and integrated into the definition and assessment of additionality (CDM - Executive Board, 2007,
Verra, 2012; American Carbon Registry, 2018; von Hagen, 2009). A variety of alternative revenue
strategies, including the sale of conservation easements and carbon offsets, as well as the delivery
of higher-value logs from extended rotations or commercial thinning harvests timed to favorable
market conditions are often considered as incremental approaches to help close and/or overcome
these financial barriers (von Hagen, 2009).

We quantify two options for reducing the financial gap between BAU and alternative
management scenarios. The first option we consider is a premium on wood sold. We quantify the
premium on wood as a multiplier to the periodic gross revenue from the sale of timber. This could
correspond, for example, to a premium based on the production of logs with a higher value per
volume measure, or to a premium based on consumer willingness-to-pay for a third-party
certification such as FSC. The second option we consider is an incentive for additional carbon
stored in the forest and harvested wood products. In this approach, we add new revenue based on
the difference in credited carbon stored (in the forest and wood products, net of leakage) between
each alternative scenario and BAU. In the first five-year simulation period, the difference between
an alternative management scenario and BAU is calculated and rewarded. In all successive periods,
the change in carbon stored in each alternative management scenario versus the change of carbon
stored in the BAU scenario is rewarded. The additional income provided by the wood premium or
carbon value is discounted to present value. We utilized a simple optimization using the scipy
Python package to search for the incentive value which minimizes the squared difference in NPV
at the end of 100 years between an alternative management scenario and BAU for each parcel

individually.
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Growth-and-Yield Simulation

We conducted growth-and-yield modeling using the Pacific Northwest Coast (PN) variant
of the Forest Vegetation Simulator (FVS) (Keyser, 2017; Dixon, 2017; Crookston and Dixon,
2005) with Database and ECON extensions employed to streamline data input/output and for
economic calculations (Martin, 2013; Crookston et al., 2003).

We calibrated FVS default growth and mortality parameters based on comparison of
growth projections of Douglas-fir plantations established from bare ground with historical yield tables
(Chambers, 1980; Curtis et al., 1982; McArdle et al., 1961; Mitchell and Cameron, 1985;
Schumacher, 1930; Stand Management Cooperative, 2016), long-term/permanent plot records
(Curtis and Marshall, 2002; Williamson, 1963), and regional forest inventory data (USDA Forest
Service Pacific Northwest Research Station, 2017) (Supplementary Material). We identified
modifications for the maximum Stand Density Index (SDImax) to adjust competition-related
mortality rates, background mortality rates prior to age 30, and multipliers to reduce the annual
basal area increment of large trees. These adjustments to default FVS-PN model behavior are our
best attempt to strike a conservative balance capturing rapid growth and yield apparent from
contemporary intensive Douglas-fir plantations (Stand Management Cooperative, 2016) for young
stands without allowing the relative gains in growth and productivity in these young stands to
persist into older age. This approach directs yields in stands older than those observed in intensive
plantation field plots (Stand Management Cooperative, 2016) back towards the median range of
values in Douglas-fir forests observed across the landscape of western Oregon and Washington
from historical yield tables, permanent plots, and FIA data. By forcing the trajectory of advanced
growth of younger plantations back down towards historical trends, we run the risk of under-
estimating the potential timber yield and harvest revenue these intensively managed stands might
be able to sustain if they were allowed to grow to ages beyond “financial maturity”. This decision
was made primarily because little to no inventory data are currently available for intensively-
managed plantations using contemporary silvicultural practices and seed sources beyond the range
of 40-50 years.

To identify the optimal rotation ages for each of our management scenarios (Table 1.), we
simulated the establishment and growth of Douglas-fir plantations from bare ground on a relatively
flat slope (10%) and a steep slope (40%) for each Douglas-fir 50-year Site Index value ranging
from 15.2 m (50") to 48.7 m (160 ft) in increments of 1.5 m (5 ft). The age at which NPV peaked
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for each slope-by-productivity combination was identified as the “financially optimal” rotation age
used for our BAU and SHORT~FSC scenarios. Our calibration of FVS induced a distinct
downward bend in timber volume growth around age 3540 as stands approached SDImax. We
applied a moving average function to smooth the NPV curve derived from these simulations and
identified financially optimal rotation ages of 38—44 years, depending on Site Index and slope
(stands with steeper slopes had slightly later rotation ages than those on flat ground). The age of
culmination for Mean Annual Increment (MAI) in terms of total cubic volume was identified as
the “biologically optimal” rotation age for our LONG~FPA and LONG~FSC scenarios. These
longer-rotation scenarios included commercial thinning to capture density-driven mortality after
age 30 and resulted in a rotation age of 75 years for all stands regardless of Site Index.

We conducted a 100-year simulation using a 5-year time step for every management unit
(out of 10,068) across the 64 parcels. We modeled every prescription available (4 non-riparian, 1
“grow only”, and 20 riparian prescriptions meeting the distinct retention requirements of each
stream type, size, etc.) for each management unit, producing a total of 252,150 simulations. The
outputs from these simulations were then scaled to the area assigned to each treatment for each
stand.

Many of the KPIs and other indicators of interest across the parcels are not normally
distributed. As such, we report the median and percentile ranges for these indicators rather than a

mean and standard error.
Computing Environment for Simulations, Data Analysis, and Visualization

We ran FVS simulations on a 32-core Linux server using the latest version of open-fvs
built from source (USDA Forest Service, Forest Management Service Center, 2015). We utilized
PostgreSQL databases for FVS input and output to permit batch modeling with an asynchronous
parallel processing workflow coded using the Python programming language. All code developed
by the authors for implementing this processing workflow is open-source and has been published
by Ecotrust on GitHub (Ecotrust, 2018). The parallel processing workflow enabled the completion
of these 252,150 FVS simulations in 6—7 h. Data analysis and visualization has been conducted
using packages in both the Python and R languages. The outputs of FVS simulations, expanded to
a per-area basis for each parcel, are included in the GitHub repository, along with a Jupyter

Notebook (Thomas et al., 2016) containing all the code necessary to generate the graphs and tables

Page 20 of 225



included in this article. Utilizing the Binder service, which is linked from the landing page of the
GitHub repository for this project (Ecotrust, 2018), a copy of this Jupyter Notebook can be
launched in the cloud with the relevant computing requirements pre-installed and configured to
allow for the reproduction of our quantitative analysis and visualizations without the need to

download or install any software.

1.3 RESULTS

Calibration of FVS

Our calibration of the FVS-PN variant for Douglas-fir plantations against independent field
data and yield tables revealed a consistent over-prediction of cubic and boardfoot volumes using
default FVS parameterization. These over-predictions were observed at the individual tree level,
as well as for volume growth and carrying capacity metrics at the stand level. The use of an
uncalibrated model would have resulted in much greater estimates of future volume and carbon,
particularly for older stands. The parameterization we identified through trial and error follows
plantation growth curves fairly well through financial maturity (age 40), after which point the
projected metrics gradually return into the range of average conditions observed in natural stands.
Outputs from the default and calibrated FVS-PN projections are presented in the Supplementary
Material for the height of dominant trees, number of trees per acre, basal area, quadratic mean
diameter, cubic volume, Scribner boardfoot volume, Stand Density Index, and Curtis Relative

Density. A series of yield tables for these metrics using the calibrated model are also provided.
Simulated Forest Dynamics

The optimal conversion time for most stands was identified as the first simulation cycle,
with 77% of non-riparian acreage on Oregon parcels and 81% of non-riparian acreage in
Washington converted in the first five years of simulation; over 90% of non-riparian areas in both
states underwent the conversion harvest within 20 years of the start of the simulation. This rapid
conversion resulted in saw-tooth outputs characteristic of stand-level simulations, with the age-

based harvest triggers clearly apparent across all 64 parcels (Figure 1.5).
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Figure 1.5. Carbon stored in three primary categories of pools/emissions under four

alternative management scenarios.
The dark line in each graph represents the median value over time across the 64 parcels. The

shaded areas correspond to the 25th—75th percentile range (darker), and the 10th—90th
percentile range (lighter).

Over the 100-year simulation period, the greater green tree retention in ~FSC scenarios
produced successive accumulation of carbon stored in trees over time, while the shorter ~40-year
rotations of the BAU scenario generally reset the amount of carbon stored in trees to a low and
consistent level at each harvest. The use of a fixed decay factor generated a step-wise increase for
carbon stored in harvested wood products with each successive harvest for the ~40-year rotations
(BAU and SHORT~FSC). For both the BAU and LONG~FPA scenarios, carbon stored in wood
products began to rival that stored in trees by the end of the simulation; for both the ~FSC
scenarios, the amount of carbon storage in trees was almost always higher than in products.

Leakage due to market effects was generally small compared to the amount of carbon
stored in trees or products, and occasionally resulted in periodic calculations of modest positive
market leakage. This positive leakage effect emerges in cases where an alternative management

scenario has produced less cumulative timber output than the BAU scenario up to a certain point
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in time, but generates a larger periodic output than BAU for one or more years, and can be seen
for the LONG~FPA and LONG~FSC scenarios where cumulative market leakage follows brief
upward movements (becomes less negative) for short periods (Figure 1.5).

An inspection of stand images produced using the Stand Visualization System
(McGaughey, 2004) indicated that the relatively high levels of green tree retention in the
SHORT~FSC scenario (30% at each regeneration harvest) often resulted in the development of
two-aged stand structures by the end of 100-year simulation period, while the longer rotation and

BAU scenarios usually maintained a single-aged stand structure (data not shown).
Key Performance Indicators

The dynamics of timber output, carbon storage, and discounted cash flow over the 100-

year simulations for each scenario are displayed in Figure 1.6.
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Figure 1.6. Dynamics of three KPIs over 100 years under four alternative management
scenarios.

The dark line in each graph represents the median value over time across the 64 parcels. The
shaded areas correspond to the 25th—75th percentile range (darker), and the 10th—90th
percentile range (lighter).
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In general, the BAU scenario usually performed the best under the two traditional forestry
KPIs (timber output and discounted cash flow), and the worst under the carbon KPI. The distinct
contributions to the KPIs by the individual constraints on green tree retention and riparian buffers
can also be isolated and are displayed in Table 1.4. For example, a shift from ~FPA green tree
retention levels in the BAU scenario to ~FSC retention levels showed a larger impact on carbon
storage, timber output, and NPV than the expansion of riparian buffers did.

The long-rotation scenarios generated a lower yield of cumulative timber volume over time
compared to the short-rotation scenarios. However, the long rotation scenarios carried a higher
standing volume of harvestable timber than the shorter rotation scenarios. The relatively rapid
conversion across the parcels and subsequent homogenization of age classes likely exaggerated an
effect from the fact that the shorter rotations were able get two full harvest cycles into the
simulation timeframe while the long rotation scenarios did not. Considering the standing boardfoot
volume in addition to the cumulative harvested volume by the end of the simulation period, the
longer rotations showed higher totals: the median standing plus harvested timber volume was 288
MBF/ha among parcels for the LONG~FPA scenario and 268 MBF/ha under the BAU scenario;
LONG~FSC had a median of 618 MBF/ha while SHORT~FSC had median of 601 MBF/ha. These
values demonstrate higher Mean Annual Increment for the long rotations compared to the short
rotations. Furthermore, the different conclusions that might be drawn from considering yields
alone versus Mean Annual Increment suggest that a more evenly distributed set of age classes
across the landscape, often referred to as a “regulated” harvest schedule, would translate into
higher yields for the longer-rotation scenarios. A more phased approach across the landscape to
the conversion from initial forest conditions than the one we simulated may have demonstrated
this case more directly.

The greater green tree retention and wider and more restrictive RMZ rules of the ~FSC
scenarios corresponded with higher carbon storage at the expense of lower timber yields and NPV
than their ~FPA counterparts within our 100-year timeframe. Compared to Oregon, Washington
showed modestly higher carbon storage, lower yields, and lower NPV for all scenarios (based on
median values of KPIs across the simulated parcels). Looking at the KPIs for the alternative
scenarios relative to BAU across both States (Figure 1.7), LONG~FPA scenarios had median
values of 22.5% more carbon stored, 4.3% less timber generated, and 11.7% lower NPV;

LONG~FSC yielded 25.5% more carbon, 15.2% less timber, and a 20.6% lower NPV; and
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SHORT~FSC vyielded 32.4% more carbon, 19.0% less timber, and 25.3% lower NPV.
LONG~FPA also provided a relatively tighter clustering of points compared to BAU than did
either of the ~FSC scenarios. LONG~FPA had overall lower variation in stand-level response
when compared to the ~FSC scenarios; the ~FSC scenarios increased the likelihood of generating
higher carbon storage and lower NPV.

Per MBF of wood produced, ~FSC scenarios always had a larger embedded carbon value.
In Oregon, BAU scenarios generated carbon storage of 2.4 tCO2e per MBF produced over 100
years (median of the 64 simulated parcels), while SHORT~FSC, LONG~FSC, and LONG~FPA
stored 4.2, 3.9, and 3.1 tCOze per MBF. In Washington, BAU stored 2.9 tCO2e per MBF, while
SHORT~FSC, LONG~FSC, and LONG~FPA stored 4.1, 3.9, and 3.7 tCO2e per MBF. This
indicates mid-range estimates for an implicit embedded carbon benefit of 1.5 to 1.8 (Oregon) or
1.0 to 2.1 (Washington) of tCOze per MBF for logs produced under ~FSC constraints relative to

those produced under current common practice.
Values that Close the Financial Gap with BAU

The values of a prospective premium on wood products or carbon incentive program
required to close the financial gap between the alternative management scenarios and the BAU
scenario are shown in Table 1.5. In general, LONG~FPA would be able to break-even with BAU
with the support of more modest premiums or incentives than those required for either of the ~FSC

scenarios.
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Table 1.4. Isolated impacts of green tree retention and RMZ widths constraints on KPIs for each scenario.

SHORT~FPA SHORT~FSC LONG~FPA LONG~FSC
OREGON MBF  tCO:ze $K  MBF tCO:ze $K  MBF tCO:e SK MBF  tCOze 3K
~FPA Buffers 199 497 19.1 169 634 15.3 197 608 17.1 183 595 15.9
~FSC Buffers 176 553 18.0 153 679 14.3 163 686 15.7 168 646 15.3
WASHINGTON
~FPA Buffers 185 518 18.0 166 663 14.6 174 639 15.6 170 620 15.5
~FSC Buffers 178 527 17.2 159 659 14.0 158 656 13.9 165 616 14.4

Each set of six cells displays the median of each KPI on a per hectare basis over the 100-year simulation period for each
management scenario, with riparian rules following either ~FPA or ~FSC. $K refers to thousands of US dollars of Net Present
Value. Both ~FPA scenarios involve the same green tree retention (10 tph/4 tpa) during regeneration harvests, while SHORT~FSC
retains 30% of pre-harvest basal area and LONG~FSC retains 10%. To quantify the isolated effects of imposing 30% green tree
retention versus minimum ~FPA retention for a given state, for example, compare the first row beneath SHORT~FPA with those in
the first row beneath SHORT~FSC.

Table 1.5. Additional value for wood and carbon storage required to close the financial gap of alternative management
scenarios with the BAU scenario.

SHORT~FSC LONG~FSC LONG~FPA
OREGON 25% median 75% 25% median 75% 25% median 75%
Wood Premium (%) 9.8 15.0 21.3 3.0 5.2 9.8 0.0 1.4 2.5
Carbon Value ($/tCO2e) 27.90 41.21 49.43 30.84 42.68 51.50 0.00 17.94 23.99
WASHINGTON
Wood Premium (%) 8.7 10.7 12.0 5.1 5.9 9.6 2.3 4.7 6.2
Carbon Value ($/tCO2e) 10.96 26.03 39.56 26.91 32.76 40.03 20.61 33.83 38.02

Values shown are the 25th, 50th, and 75th percentiles for parcels in each state.
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alternative scenarios.

The top row of graphs shows carbon and timber yield shifts, the second row shows carbon and cash flow shifts. Each point
corresponds to one of the 64 simulated parcels. The dashed lines represent the median value
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1.4 DISCUSSION

Fundamental Importance of FVS Calibration

Under default parameterizations, the FVS-PN variant projected wildly unrealistic volume
and value growth for the Douglas-fir plantation scenarios considered in this study. Comparisons
of projected volumes with independent datasets including historical yield tables, extensive
publicly-available forest inventory data, and long-term permanent plot records allowed the growth-
and-yield projections to be reined in significantly. This required the authors to make explicit
decisions and balance tradeoffs in model performance to reasonably capture growth in young and
mature Douglas-fir management scenarios of interest. Although the developers of FVS have
encouraged and suggested quality control and quality assessment best practices to calibrate or
validate the model (Vandendriesche, 2010), and a host of calibration and validation examples exist
in the literature, the potential scale of errors from the use of FVS default settings are not common
knowledge among model users. Studies intended to be policy- or management-relevant using FVS
without describing how they calibrated or validated the model may be vulnerable to large errors,
a vulnerability that may be particularly concerning if climate change factors are integrated into
FVS projections where little to no independent validation data may be available. For example,
although forest carbon offset programs often impose substantial costs to minimize the potential
variability or error in field measurement, they tend to ignore much larger sources of variability
associated with the use of growth-and-yield models over a century-scale timeframe, whether or
not climate change is acknowledged (Fischer et al., 2017).

The calibration effort we present in the Supplementary Materials strikes a careful balance
between estimates of rapid plantation growth at younger ages returning to landscape-level averages
over time. These tradeoffs were considered explicitly with the goal of increasing our confidence
that the values we were primarily interested in quantifying (e.g., the tradeoffs in carbon storage
and timber output between long- and short-rotation scenarios) could be done conservatively, that

is, with a reduced likelihood for overestimation of the effects of alternative management.
Tradeoffs in Timber Production, Carbon Storage, and Cash Flow

The observation that all alternative scenarios, for every parcel evaluated, stored a

substantially higher volume of carbon in the forest and in harvested wood products highlights the
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potential for a variety of management options to improve the carbon storage performance of
Douglas-fir management beyond BAU practices. However, the financial analysis we present
highlights the significant financial hurdle that these alternative management approaches face. Our
findings of NPV under ~FSC scenarios on the order of 25% lower than BAU is consistent, but on
the low end of estimates produced by others who have considered a broader suite of constraints
required for FSC certification for Pacific Northwest Douglas-fir management (Téth et al., 2013;
Mendell and Lang, 2013).

The tighter clustering of LONG~FPA outcomes relative to the ~FSC scenarios (Figure 1.7)
indicates that the greater retention of trees both in- and out-side of RMZs under the ~FSC scenarios
(including species other than Douglas-fir), may introduce a substantial amount of variability in the
projected outcomes for all KPIs. The diversification of species and size classes may offer both
positive and negative aspects to future management outcomes. Any impacts of natural disturbances
or climatic change, which are not simulated here, would be expected to produce different effects
in homogenous and heterogenous stands; the more tightly predictable outcomes for a homogenous

stand may also involve a greater exposure to uncertain future risks.

Multiple Financial Gap-Closing Strategies Would Likely Need to be Used for FSC to Compete
with BAU

The analysis of options to close the financial gap between alternative management
scenarios and BAU offers a practical set of indicators that inform their financial desirability (and
presumably, the likelihood and scale with which these alternative practices could be implemented
with supportive market conditions or policies). A premium on wood produced under these
alternative management scenarios on the order of 15%-20% could be generated from the sale of
higher quality larger logs produced by longer rotations as well as consumer willingness to pay for
third-party certification, although neither of these options are consistently available in the market
and both are likely to involve substantial marketing challenges.

Production and price premiums for higher-quality appearance-grade wood from larger-
diameter logs have declined in the Pacific Northwest since the 1960s with the transition away from
harvesting old-growth and toward shorter rotations of plantations (Haynes, 2003, 2005). Premiums
for larger-sized and higher-quality logs now occur sporadically and fluctuate significantly with

both domestic and international market conditions. In the absence of sustained demand, larger logs
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now commonly face a price penalty rather than a premium, as many sawmills in the region have
evolved to more efficiently process the supply of smaller logs more typical from the region’s
industrial forestlands. Premiums for export-quality or other high-value domestic log sorts are thus
likely to offer landowners relatively unpredictable and short-lived opportunities to close the
financial gap of alternatives to BAU management over time.

A growing interest among green builders for sustainable wood products may also offer a
complementary value stream, although the potential demand for certification among green builders
remains poorly understood. There is generally little evidence from the Pacific Northwest of price
premiums for FSC-certified wood sometimes present in the retail setting translating up the supply
chain into higher log prices received by FSC-certified landowners.

It is important to note that the options to close the financial gap between alternative
management scenarios and BAU represent the value delivered to the landowner, not the retail price
or premium paid by a consumer. This implies that any additional production or transaction costs
required to deliver that value to the landowner would require even higher prices and premiums
than those estimated here. For example, the market price of carbon required to close the financial
gap between ~FSC scenarios and the BAU scenario would need to reflect the high startup and
transaction costs for carbon market participation that present a substantial financial barrier to
broader carbon market participation, particularly for smaller landholders (Kerchner and Keeton,
2015; Galik et al., 2012; Cacho et al., 2013, 2004). For example, an analysis of the break-even
carbon price for a 65-year rotation to match the NPV of a 45-year rotation in similar forest
conditions that also included a more thorough accounting of carbon project development costs was
$49.87 per tCOze (Fischer et al., 2017). These carbon prices are several times higher than those
observed in prevailing markets (Hamrick and Gallant, 2017), and highlight what van Kooten
observed more than twenty years ago: “In general, inclusion of the external benefits from carbon
uptake results in rotation ages only a bit longer than the financial (Faustmann) rotation age” (van

Kooten et al., 1995).
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Policy Implications
State FPA Rules Fundamentally Affect the Landscape and New Policy Opportunities

The difference between current State FPA regulations, particularly regarding riparian
protections, have important consequences for financial performance, carbon storage, and the
potential for new market- and non-market-based forestry policies to influence how the land is
managed. The gap between FPA and FSC rules in Washington is narrower than it is in Oregon,
which was clearly shown by the KPIs among our ~FSC and ~FPA simulations. The permission of
more intensive harvest practices under Oregon FPA rules creates a higher opportunity cost for
alternative management scenarios than is the case in Washington. As such, higher premiums for
wood and higher values for carbon storage would be needed to shift forest management practices
in Oregon compared to Washington in the absence of any changes to forest practices regulations.

In general, policies encouraging or incentivizing increased riparian protections, green tree
retention, or the extension of rotation ages are likely to translate into greater carbon storage. A
comparison of the isolated effects of the RMZ extension and increased green tree retention
constraints demonstrates the expanded riparian protections offered a smaller impact on timber
output and financial performance than would be accomplished by increasing FPA green tree
retention levels from current minimum requirements to the 10 or 30% of pre-harvest basal area
imposed by FSC. However, the greater decrease in timber output and financial performance
involved with increased green tree retention also directly translated into proportionally higher
carbon storage. Both green tree retention and greater RMZ protections are likely to correspond to
other additional values including water quality and habitat for fish and wildlife that are not
quantified here. Although carbon storage is the easiest of these ecosystem services to quantify, it
is often these other values which form the basis for policies encouraging conservation practices.
Additional carbon storage could be more reasonably considered as a co-benefit rather than the

primary objective or indicator for public investments or regulation to encourage these practices.

FSC-Certification Appears to Offer a Clear Surrogate for Increased Forest Carbon

Storage

The greater green tree retention and RMZ protections involved in FSC certification

translated directly into higher average carbon storage in every parcel we evaluated, even after
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accounting for market effects of leakage. The approaches we have taken to modeling the policies
and growth dynamics for these managed forests indicate that FSC-certified wood carries an
embedded carbon benefit relative to wood produced by current common practice in the region.
Our analysis does not employ a full Life Cycle Analysis, as is commonly involved in
Environmental Product Declarations, but nevertheless offers a clear indicator that FSC-
certification offers a reasonable assurance of improved carbon balance compared to BAU.
Considering the high transaction costs that have formed a substantial barrier to
participation in carbon markets (Fischer et al., 2017; Bouslah et al., 2010; Kerchner and Keeton,
2015; Galik et al., 2012; Cacho et al., 2013; Charnley et al., 2010), FSC-certification may offer a
simple and cost-effective surrogate for directly identifying and rewarding landowners who follow
forest practices that sequester additional carbon relative to BAU (and that also are likely to
generate additional ecosystem service values, such as improved water quality and wildlife habitat).
FSC-certification has been much more accessible to non-industrial landowners than carbon
markets have been to date, and simpler incentive models similar to existing US Farm Bill programs
may offer a more accessible approach to engage more landowners in forest conservation and
management. Conservation incentive and carbon rental approaches have been considered before
in the literature (Cacho et al., 2013, 2004; Bigsby, 2009), proposed recently by collaborative forest
policy working groups (Forest Climate Working Group, 2015; Pinchot Institute for Conservation,
2011) and may be particularly relevant for new policy development if increasing accessibility to
landowners or increasing the area of forestland engaged in forest carbon programs are important

policy objectives.

Lower Variability in LONG~FPA Suggest Extending Rotation Ages Alone as a Viable
Option

The LONG~FPA scenarios showed reduced variability in timber, carbon, and financial
KPIs than either of the ~FSC scenarios. We believe this reduced variability is likely to correspond
to the lower green tree retention, particularly for species other than Douglas-fir, in the LONG~FPA
scenario compared to the ~FSC scenarios. The timber premium and carbon values required to close
the financial gap with BAU were much smaller for LONG~FPA, and a substantial number of
parcels, particularly in Oregon, were projected to perform better than BAU under all three KPIs
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(as demonstrated by a timber premium of $0 for 25% of Oregon parcels to meet or exceed the NPV
of the BAU scenario).

Our simulations suggest that landowners pursuing a LONG~FPA scenario may have less
uncertainty in the outcomes for these KPIs than those pursuing the SHORT~FSC or LONG~FSC
scenarios. Drawing more general conclusions about the long-term effects of management
alternatives on forest risks and vulnerabilities would need to extend beyond those values
considered here and be difficult to quantify. The homogenization of existing forest composition
may involve increased exposure to risks from maintaining a single-aged monoculture of Douglas-
fir such as pests or diseases, or regeneration failure due to severe weather or drought. Longer
rotations carry a larger timber value over an extended period and may thus entail additional risks
for potential damage from fire, insects, disease, or severe weather, all of which may be affected by
climate change (Agne et al., 2018). Management actions that diversify forest structure and
composition may also alter a forest’s resistance and resilience to environmental changes and
disturbances. Ultimately, landowners, forest managers, and policymakers will continue to navigate
and judge complex interactions among these risks, value systems, and the uncertainty of our
changing climate into the future. The research presented here offers insights into the tradeoffs and
options for balancing a few of the Key Performance Indicators now commonly being considered

in management and policy decisions.

1.5 CONCLUSIONS

Our work clearly demonstrates that the adoption of certain forest practices including
expanded riparian protections, increased green tree retention, and the extension of rotation ages
can translate into substantially higher carbon storage than contemporary common practice for
Douglas-fir management in the Pacific Northwest. However, these practices, particularly if
adopted in combination, will also generally correspond to reductions in financial viability that may
be important considerations for landowners, forest managers, and policy makers to quantify and
balance. Estimates for the balance between these tradeoffs may be particularly sensitive to choices
in growth-and-yield or other modeling approaches employed, and clear documentation of the
assumptions and calibration of models used for these purposes should be considered a critical

component for science- or evidence-based policy or forest management decisions.
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The combination of forest practices required for FSC certification always stored more
carbon than business-as-usual and produced an embodied carbon benefit that may offer a useful
indicator for wood consumers concerned with quantifying and reducing the impact of their
purchasing decisions, independent of any potential benefits derived from the substitution of wood
for more carbon- or energy-intensive building materials. FSC certification also offers a useful case
illustrating the potential for certification options simpler than current carbon offset crediting
programs for market- and non-market-based policies to identify and incentivize landowners for

additional forest carbon sequestration.
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1.6 SUPPLEMENTARY MATERIALS

Modifications to FVS growth-and-yield: Cross-validation with yield curves, permanent plots,
and FIA data

Ten simulations were conducted for each level of 50-year Site Index ranging from 22.86-
39.62 m (75-130 ft) in 1.52 m (5 ft) intervals (i.e., 75, 80, 85... 130 ft), covering Site Classes II -
I'V. Simulations used default settings for the FVS Pacific Northwest Coast (PN) Variant (Keyser,
2017), and were iteratively adjusted through trial-and-error, resulting in the modifications below.
Stochastic variability was introduced into the FVS model using the RANNSEED keyword. Stands
were established with 1,075 trees per hectare (435 trees per acre (TPA)) of Douglas-fir with 85%

survival rate.
Growth and mortality adjustments

Basal area increment was adjusted to a fraction of default rates using the BAIMULT
keyword, and Maximum Stand Density Index, which governs density-driven mortality in FVS-PN

was set at:

Table S1.6. FVS keyword modifications

Site Class | IV 1II 1l
SDIMAX | 450 450 550
BAIMULT | 03 0.5 0.5

For all stands, background mortality of large trees was modified to 5% of default mortality
rates until the age of 30 using the MORTMULT keyword. At age 30, background mortality rates
are restored to 100% of FVS-PN defaults. MORTMULT modifications do not affect density-
related mortality, which is governed by the SDIMAX keywords described above.

Timber volume adjustments

By default, FVS calculates cubic and boardfoot volumes using equations from the National
Volume Estimator Library (NVEL), which is documented by Wang (2017). The NVEL boardfoot
volume were modified using the BFDEFECT keyword in FVS to provide timber volume estimates

more consistent with field experiences and inventory census such as the US Forest Service Forest
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Inventory Analysis (FIA), which place a greater emphasis on quantifying merchantable timber
volume using regional equations. Adjustment factors to NVEL volumes were determined by
computing Scribner boardfoot volume for all trees >= 15 DBH of common merchantable species
from FIA plots in western Oregon and western Washington using two separate methods: the NVEL
equations, and the equations utilized by the FIA program (Waddell et al., 2014). In general, NVEL
overestimated Scribner boardfoot volume compared to FIA equations, ranging from 5% in 15-20”
red alder trees up to 49% in western redcedar. The correction factors used are shown in Table S1.6.

Based on comparisons to yields of Douglas-fir using the Stand Management Cooperative’s
(SMC) Yield Calculator (Stand Management Cooperative, 2016), we capped the Scribner volume
adjustment factor at 25% for 25.4 cm (10 in) DBH trees. This allowed for standing boardfoot
volumes to follow rapid plantation development consistent with SMC reference plantation
network, while allowing volume corrections in larger trees that bring the yield curves down into
the range of the 75" percentile of FIA observations as the stands reach 60-80 years old, and near
the median value of FIA observations around 100 years old. This approach to boardfoot volume
adjustments implies that the advanced volume growth observed in young plantations does not
persist beyond the ages at which these stands are commonly harvested in contemporary production
forestry in western Oregon and Washington. This is intended to be a conservative assumption and
may underestimate the boardfoot volume that might be achieved if contemporary plantations were

retained through longer rotations.
General notes about the following graphs and yield tables

In all graphs shown below, the FVS simulations are displayed as gray lines. Blue lines
show data from permanent plots in fully-stocked Douglas-fir stands (Curtis and Marshall, 2002;
Williamson, 1963). Black lines show published yield curves of Douglas-fir from California to
British Columbia (Chambers, 1980; Curtis et al., 1982; McArdle et al., 1961; Mitchell and
Cameron, 1985; Schumacher, 1930; Stand Management Cooperative, 2016). The red line in each
graph represents the median value observed among ‘“conditions” observed in the US Forest
Service’s Forest Inventory and Analysis (FIA) network of plots from western Oregon and
Washington that contained more than 80% of their basal area in Douglas-fir. Site Indices recorded
in the FIA data were translated directly into Site Classes for each “condition” (rather than using

the cubic volume productivity classes employed by USFS). The red shaded areas around the FIA
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Table S1.7. Mean percent defect incorporated into FVS for each species diameter at breast
height

25.4 cm (10”) 38.1 cm (157) 50.8 cm (20”) 63.5¢cm (25”)
Species Defect  Count Defect  Count Defect  Count Defect  Count
Pseudotsuga menziesii 50% 23,575 33% 10,838 28% 5,443 33% 31,043
(Douglas-fir)
Tsuga heterophylla
42% 9,554 2% 4,135 18% 1,905 28% 7,075
(western hemlock)
b o
bies amabilis 44% 4,241 2% 1,778 16% 861 15% 2,900
(Pacific silver fir)
Alnus rubra 37% 3,497 5% 1,169 11% 264 22% 112
(red alder)
Thuie oii
Erpai 56% 1,673 45% 912 44% 489 49% 3,413
(western redcedar)
b
bies procera 47% 706 24% 334 18% 192 14% 765
(noble fir)
Abies grandis
39% 562 18% 271 14% 131 14% 255
(grand fir)
Pi itchensi,
leed SUCAensis 54% 324 37% 182 34% 107 31% 600
(Sitka spruce)
Callitropsis nootkatensis 579% 226 46% 03 48% 45 5204 203
(yellow cedar)

median line correspond to observations in the 25" — 75" percentile range (darker red) and the 10"
— 90 percentile range (lighter red). Data from the PNW FIA Database were analyzed using a site
index base age of 50 (assuming the majority of base ages actually recorded in the database listing
a base age of 100 were incorrect (personal communication, Andy Gray, Washington state
coordinator for the FIA program).

Boardfoot volumes are Scribner 32-foot log scale. Each data source uses different
specifications for minimum top diameter inside bark. FVS, FIA, and SMC volumes are up to a
15.24 cm (6”) minimum top diameter with a 0.30 m (1) stump. FVS, FIA, and SMC cubic volumes
are shown for trees to a 10.16 cm (4””) minimum top diameter inside bark with a 0.30 m (1) stump,
while cubic volumes from other yield table publications are showing total cubic volume including
top and stump.

The Yield Tables are direct outputs from the simulations conducted using the modified
version of FVS-PN. The values in each cell represent the mean value for the metric being among

the 10 simulations of each Site Index.
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Trees per Acre
Site Class = 4 Site Class =3 Site Class = 2

Stand Age Stand Age Stand Age

Basal Area per Acre
Site Class = 4 Site Class =3 Site Class = 2

BA per Acre (ft?/ac)

BA per Acre (ft/ac)

Stand Age Stand Age Stand Age

Figure S1.8. Default FVS Parameterization comparing PN variant output to measured
stands (Part 1 of 3).

Trees Per Acre (TPA, top 6 graphs) and Basal Area (BA) per Acre (bottom 6 graphs). Gray
lines show FVS simulations. Blue lines show permanent plot data. Black lines show published
yield curves. Red line shows median, and bands show 25th-75th and 10th-90th percentile
range of FIA data.
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Quadratic Mean Diameter
Site Class = 4 Site Class = 3 Site Class =2

Stand Age Stand Age Stand Age

Total Cubic Volume (Gross)
Site Class = 4 Site Class =3 Site Class = 2

Cubic Volume per Acre (ft3/ac)

Cubic Volume per Acre (ft3/ac)

Stand Age Stand Age Stand Age

Figure S1.9. Default FVS Parameterization (Part 2 of 3).

Quadratic Mean Diameter (QMD, top 6 graphs) and Total Cubic Volume (bottom 6
graphs). Gray lines show FVS simulations. Blue lines show permanent plot data. Black
lines show published yield curves. Red line shows median, and bands show 25th-75th
and 10th-90th percentile range of FIA data.
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Stand Density Index
Site Class =4 Site Class =3 Site Class =2

SDI

E 8 22 85 B

(4]
Stand Age Stand Age Stand Age

B0

Boardfoot Volume (Gross)
Site Class = 4 Site Class = 3 Site Class = 2

140,000 /

120,000

Boardfeet (Scribner) per Acre

Boardfeet (Scribner) per Acre

Stand Age Stand Age Stand Age

Figure S1.10. Default FVS Parameterization (Part 3 of 3).

Stand Density Index (SDI, top 6 graphs) and Gross Boardfoot Volume (bottom 6 graphs).
Gray lines show FVS simulations. Blue lines show permanent plot data. Black lines show
published yield curves. Red line shows median, and bands show 25th-75th and 10th-90th
percentile range of FIA data.
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Trees per Acre
Site Class =4 Site Class =3 Site Class =2

Stand Age Stand Age Stand Age

Basal Area per Acre
Site Class = 4 Site Class =3 Site Class = 2

BA per Acre (ft?/ac)

BA per Acre (ft?/ac)

Stand Age Stand Age Stand Age

Figure S1.11. Modified FVS Parameterization (Part 1 of 3).

Trees Per Acre (TPA, top 6 graphs) and Basal Area (BA) per Acre (bottom 6 graphs).
Gray lines show FVS simulations. Blue lines show permanent plot data. Black lines show
published yield curves. Red line shows median, and bands show 25th-75th and 10th-90th
percentile range of FIA data.
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Quadratic Mean Diameter
Site Class = 4 Site Class = 3 Site Class =2

Stand Age Stand Age Stand Age

Total Cubic Volume (Gross)
Site Class = 4 Site Class =3 Site Class = 2

15,000
10,000

5000

Cubic Volume per Acre (ft3/ac)

15,000
10,000

5000

Cubic Volume per Acre (ft3/ac)

Stand Age Stand Age Stand Age

Figure S1.12. Modified FVS Parameterization (Part 2 of 3).

Quadratic Mean Diameter (QMD, top 6 graphs) and Total Cubic Volume (bottom 6
graphs). Gray lines show FVS simulations. Blue lines show permanent plot data. Black
lines show published yield curves. Red line shows median, and bands show 25th-75th
and 10th-90th percentile range of FIA data.
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Stand Density Index
Site Class =4 Site Class =3 Site Class =2
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Stand Age Stand Age Stand Age

Boardfoot Volume (Gross)
Site Class = 4 Site Class = 3 Site Class = 2

140,000
120,000

100,000
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Boardfeet (Scribner) per Acre

Stand Age Stand Age Stand Age

Figure S1.13. Modified FVS Parameterization (Part 3 of 3).

Stand Density Index (SDI, top 6 graphs) and Gross Boardfoot Volume (bottom 6 graphs).
Gray lines show FVS simulations. Blue lines show permanent plot data. Black lines show
published yield curves. Red line shows median, and bands show 25th-75th and 10th-90th
percentile range of FIA data.

Page 43 of 225



Table S1.8. Yield Table: Dominant Height (feet), 40 tallest trees per acre.
Douglas-fir 50-year Site Index (King’s)
Age 75 80 85 90 95 100 105 110 115 120 125 130

20 37 38 40 42 44 46 48 49 51 53 55 57
25 44 46 49 51 54 56 59 61 63 65 68 70
30 51 54 57 60 63 66 68 71 74 77 80 82
35 58 61 64 67 71 74 78 81 84 88 91 93
40 63 67 71 74 78 82 86 90 93 97 100 103
45 68 73 77 80 85 89 94 98 102 106 109 112

50 73 78 82 85 91 9 100 105 109 114 117 120
55 78 82 86 89 97 102 107 112 116 121 124 127
60 82 87 91 93 102 108 113 118 123 127 131 134
65 85 91 95 97 107 113 118 124 128 133 137 140
70 &9 94 98 100 112 117 123 129 134 138 142 145
75 92 97 101 103 116 122 128 134 139 144 147 150
80 95 100 104 106 120 126 132 138 144 148 152 155

85 97 103 107 109 123 129 136 142 148 153 157 160
90 100 106 110 112 126 133 140 146 152 157 161 164
95 102 108 112 114 129 136 143 150 155 161 165 168
100 104 110 115 116 132 139 146 153 159 164 169 172

Table S1.9. Yield Table: Trees per Acre
Douglas-fir 50-year Site Index (King’s)
Age 75 80 85 90 95 100 105 110 115 120 125 130

20 368 368 368 368 368 368 368 368 368 368 368 368
25 368 368 368 368 368 368 368 368 367 367 367 367
30 368 368 368 368 368 368 367 367 367 367 367 366
35 365 365 364 363 357 355 353 350 357 355 353 337
40 362 361 360 359 345 334 323 314 335 330 323 306
45 359 358 356 355 306 296 288 276 313 305 295 277
50 356 355 353 350 277 268 258 251 292 281 269 251
55 354 351 349 345 254 245 238 229 271 259 246 228
60 351 348 343 336 235 226 220 213 252 238 225 208
65 347 340 335 327 218 211 204 198 234 220 207 191
70 341 333 327 317 204 198 192 186 217 204 191 176
75 334 326 318 308 192 186 180 175 203 190 177 170
80 328 318 310 299 182 176 171 166 190 177 165 158
85 321 311 302 290 173 168 162 158 178 166 155 151
920 314 304 293 281 165 160 155 150 168 156 149 146
95 306 293 283 273 158 153 148 144 159 147 144 140
100 294 283 273 264 152 147 142 138 150 142 137 134
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Table S1.10. Yield Table: Basal Area (sq. ft. per acre)
Douglas-fir 50-year Site Index (King’s)
Age 75 80 85 90 95 100 105 110 115 120 125 130

20 42 45 47 50 68 71 75 79 82 86 90 93
25 62 66 70 73 110 115 120 125 130 135 140 145
30 83 88 92 9% 152 159 165 171 177 184 190 196

35 103 108 113 118 189 196 202 208 219 225 231 228
40 122 128 133 138 222 223 225 227 248 252 256 250
45 140 146 152 158 233 235 237 237 272 274 274 267
50 157 164 170 176 244 246 246 248 290 290 288 279
55 174 181 187 193 253 255 257 257 304 301 297 288
60 189 196 202 206 261 262 265 267 314 309 304 294
65 203 209 214 217 268 270 271 274 321 315 308 297
70 214 220 225 227 275 277 279 281 326 319 312 300
75 225 230 234 236 280 283 284 286 330 322 314 312
80 235 239 243 244 286 288 290 293 334 325 316 314
85 244 247 250 251 291 293 295 297 336 327 319 321
920 252 255 257 257 296 299 300 302 337 328 326 329
95 257 259 261 262 300 303 305 306 338 329 332 334
100 260 262 264 266 305 307 309 311 339 333 334 339

Table S1.11. Yield Table: Quadratic Mean Diameter (inches)
Douglas-fir 50-year Site Index (King’s)
Age 75 80 85 920 95 100 105 110 115 120 125 130

20 46 47 49 50 58 60 61 63 64 65 67 68
25 56 57 59 60 74 76 77 79 80 82 84 85
30 64 66 68 69 87 89 91 93 94 96 98 99
35 72 74 75 77 99 101 102 104 106 108 11.0 11.1
40 79 80 82 84 109 11.1 113 11.5 11.6 119 12.0 123
45 85 87 89 9.0 11.8 12.0 123 125 12,6 128 13.1 133
50 90 92 94 9.6 127 13.0 132 135 135 13.7 140 143
55 95 97 99 101 135 138 141 143 143 146 149 152
60 99 102 104 10.6 143 146 149 152 151 154 157 16.1
65 104 106 108 11.0 15.0 153 156 159 159 162 165 169
70 10.7 11.0 112 11.5 157 16.0 163 16.6 16.6 169 173 17.7
75 11.1 114 116 119 164 167 170 173 173 176 18.0 18.4
80 115 11.7 120 122 17.0 173 17.6 18.0 179 183 18.7 19.1
85 11.8 121 123 126 17.6 179 183 18.6 18.6 19.0 194 19.7
90 12.1 124 127 129 18.1 185 188 192 192 19.6 20.0 203
95 124 127 13.0 133 187 190 194 198 198 202 20.6 209
100 127 13.0 133 136 192 196 199 203 204 208 212 215
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Table S1.12. Yield Table: Cubic volume including top and stump (hundreds of cubic feet per

acre)

Douglas-fir 50-year Site Index (King’s)

Age | 75 80 85 90 95 100 105 110 115 120 125 130
20 6.3 7.0 7.9 89 168 177 183 189 19.6 203 215 237
25 | 143 161 175 186 283 298 312 331 362 388 409 428
30 | 203 213 235 265 425 452 484 523 557 582 606 629
35 | 273 297 313 325 571 607 648 689 743 773 797 79.7
40 | 339 373 408 423 722 744 772 802 89.0 92.0 941 937
45 | 413 439 456 482 804 837 86.7 88.6 103.1 1054 106.7 105.8
50 | 481 522 558 57.8 88.6 91.8 945 975 1154 1168 118.0 116.5
55 | 555 587 61.0 637 962 999 1035 1055 1259 127.1 1275 125.0
60 | 60.8 653 688 71.6 1029 106.6 110.6 1143 1352 1357 1353 133.0
65 | 686 722 748 762 1099 1142 117.6 121.2 1428 143.1 1425 1398
70 | 739 76.8 804 82.7 1156 120.5 124.7 1282 1499 149.6 148.7 146.0
75 | 788 826 855 874 121.8 1265 130.7 1345 1565 1556 1543 155.6
8 | 842 878 904 920 1272 1325 1369 1413 162.0 1613 159.8 161.3
8 | 887 923 953 969 133.0 1379 1423 147.0 167.6 166.7 1657 169.6
90 | 934 967 993 100.7 1379 1435 1484 1524 1723 170.8 173.1 1773
95 | 972 996 1032 1046 1424 1488 1533 1583 1763 1753 180.3 1843
100 | 99.6 102.8 1057 107.8 147.2 1532 158.6 163.4 1803 181.3 1851 190.4

Table S1.13. Yield Table: Boardfoot Volume, Scribner Rule (thousand boardfeet per acre) *
Douglas-fir 50-year Site Index (King’s)
Age 75 80 85 90 95 100 105 110 115 120 125 130

20 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
25 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.2 0.9 1.3 1.9 2.9
30 0.0 0.0 0.0 0.0 54 95 128 16.0 18.1 20.7 | 232 257
35 0.0 0.0 0.0 0.0 226 249 271 287 308 322 335 332
40 0.9 1.8 2.0 24 299 304 321 331 373 385 | 394 391
45 3.7 5.1 88 13.0 335 346 363 371 427 433 439 43.0

50 11.5 152 188 212 369 37.8 385 398 469 470 472 463
55 184 21.0 238 256 391 402 413 420 503 504 50.6 498
60 232 257 282 298 408 425 437 450 540 541 543 53.6
65 28.0 29.7 313 320 435 450 465 484 575 57.6 579 57.1
70 30,6 323 336 347 460 480 502 51.8 61.1 614 612 608
75 332 347 359 37.0 486 510 531 555 648 648 648 66.1
80 355 366 38.1 38.6 513 543 566 592 678 679 68.0 69.4
85 373 385 39.6 40.1 543 572 599 622 71.0 711 717 73.6
90 389 400 41.1 413 573 607 632 653 738 741 755 782
95 40.0 412 419 427 602 63.6 656 685 766 76.6 79.2 8l4
100 40.8 421 428 436 630 66.1 686 713 79.0 80.1 823 84.0
* Scribner volume calculated for all trees >=9” DBH to a minimum 6 top diameter inside bark,
with a 1’ stump.
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Table S1.14. Yield Table: Stand Density Index
Douglas-fir 50-year Site Index (King’s)
Age 75 80 85 90 95 100 105 110 115 120 125 130

20 105 110 116 121 154 160 167 173 179 186 192 198
25 144 151 158 164 227 235 243 252 259 267 276 283
30 181 189 197 204 295 305 314 324 333 343 352 36l
35 215 224 232 240 349 358 367 374 392 400 408 400
40 246 255 264 272 394 393 393 394 428 433 436 424
45 274 284 293 301 400 400 401 397 455 455 452 438
50 301 311 320 328 406 406 404 404 472 468 462 444
55 325 335 344 352 411 411 411 409 483 475 466 447
60 347 357 365 369 416 414 415 416 489 478 466 446
65 367 374 380 383 418 418 417 418 490 478 463 443
70 382 388 394 395 422 421 421 421 490 475 460 440
75 396 401 405 405 423 424 422 423 488 472 456 450
80 408 412 415 413 425 426 425 426 485 469 452 446
85 418 421 423 420 428 427 426 427 482 465 450 450
920 427 429 429 426 429 430 428 428 478 461 455 456
95 433 431 432 430 430 431 430 429 474 456 458 457
100 433 433 433 433 432 432 431 432 470 458 455 459

Table S1.15. Yield Table: Curtis Relative Density
Douglas-fir 50-year Site Index (King’s)
Age 75 80 85 90 95 100 105 110 115 120 125 130

20 19.8 207 215 224 282 292 304 314 324 335 347 357
25 265 27.6 287 29.7 405 417 43.1 445 457 47.1 484 49.6
30 3277 34.1 354 366 516 532 548 563 57.8 594 609 623
35 384 39.8 41.1 424 602 61.7 63.1 643 672 685 698 683
40 435 450 464 478 673 671 668 669 727 733 737 7T1.5
45 482 49.7 512 525 678 676 67.6 668 766 764 759 732
50 525 541 555 568 683 683 677 676 789 781 769 738
55 564 58.0 594 606 688 68.6 684 679 802 787 771 738
60 59.9 61.5 62.6 632 69.1 68.7 687 686 80.7 787 76.6 732
65 63.1 64.1 651 653 692 69.1 686 68.6 806 783 758 724
70 654 663 671 672 694 69.1 690 689 80.1 776 749 71.4
75 67.5 682 687 68.6 693 693 689 688 794 767 739 728
80 69.3 69.8 702 698 694 693 690 69.0 788 759 729 719
85 70.9 712 713 707 69.5 693 69.1 689 779 750 724 723
90 723 723 722 714 69.6 695 69.1 689 77.0 740 729 73.0
95 73.0 725 725 720 695 695 692 689 76.1 731 733 73.0
100 729 725 725 722 69.6 695 692 69.1 752 731 726 73.1
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Mapping Riparian Management Zone Buffers in Oregon and Washington

Constraints on harvest activities near streams are handled differently for each State’s forest
practice regulations (Oregon Secretary of State, n.d.; Washington State Legislature, n.d.), as well as under the
FSC-US Standard for the Pacific Coast (FSC-US, 2012). The width of RMZs are displayed in Table
S1.16.

Table S1.16. Buffer widths for Riparian Management Zones under FPA and FSC Rules (in
feet)

Oregon Washington ! FSC-US
Pacific
. . 2
Buffer Stream Size Site Class Coast ?
Stream Type Type SM  MED LRG m m Iv
Tvpe F core 20 20 20 50 50 50 50
(ﬁsh}‘;pearin ) inner 30 50 80 78 55 33 150
& outer -- -- -- 42 35 27 --
Type SSBT core 20 20 -- - = - 50
(salmon, inner 20 30 -- - = - 150
steelhead
9 2 . . - - -
bull trout) outer 0 30
Type N/Np core 0 20 20 504 50 50 25
(non-fish, inner 0 30 50 0 0 O 75
perennial) outer -- -- -- 0 0 O --
Type Ns core -- -- -- -- - - --
(non-fish, inner -- -- -- - - - 75
seasonal) outer - -- - - - - --

" Washington RMZ widths also differ whether stream bank-full width is above or below 10 feet.
All buffers shown here, and all RMZs modeled in this study assume a > 10-foot bank-full width.

2 Site Class categorizes forest growth potential using Douglas-fir 50-year Site Index (height of
dominant trees at 50 years of age): Il = 35.1-41.1 m (115-135 ft); 11l = 29.0-35.1 m (95-115 fi),
1V =22.9-29.0 m (75-95 ft)

3 FSC rules for the Pacific Coast do not identify a ‘core’ no-touch buffer zone, but rather
distinguish inner and outer buffer zones for Category A (fish-bearing) and Category B
(perennial non-fish-bearing) streams. FSC limits harvests to single-tree selection in inner
buffers, and to single-tree or group selection in outer buffers (FSC-US, 2012). Because neither
of these harvest systems are implemented in this study, all FSC buffer areas are modeled as no-
touch (comparable to the core buffers of OR and WA ~FPA scenarios).

* In Washington, Type Np (non-fish perennial) stream buffers are defined with additional
criteria described below.
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Geospatial layers identifying stream locations, stream types and site class were obtained
from the Washington Department of Natural Resources, and a similar data layer for including
stream locations, stream type and size was also obtained from the Oregon Department of Forestry.
Buffers on streams were created using a Geographic Information System (GIS).

In Washington State, non-fish perennial stream (Type Np) RMZs are designated based on
the location of sensitive sites and the stream’s intersection with other streams. A 56-foot-radius
buffer was assigned surrounding sensitive sites defined as a headwater spring or an intersection of
two or more Type Np streams. Additionally, the length of 50 foot no-touch buffers applied to Np
streams in cases where they intersect with a Type S (shorelines) or Type F (fish-bearing) stream
are described in Table S1.17. The total area encumbered by no-touch and lighter-touch RMZ areas
for FPA and FSC rules are visualized in Figure S1.14.

Table S1.17. RMZ length for 50-foot core (no-touch) buffer area for Type Np streams that
intersect with Type S or Type F streams, Washington State.

Length of Length of 50'
Type Np stream Riparian Management Area
> 1,000 500
300' - 1,000' 50% of entire length or 300', whichever is greater
>300' The entire length
. Oregon Parcels Washington Parcels
. Cora (No Touch) @ Core (No Touch)
Total RMZ ) Total RMZ

%
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Figure S1.14.Comparisons of the area encumbered by FSC and FPA RMZs for Oregon
and Washington.
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Silvicultural Prescriptions for RMZs in Washington State under FPA Rules

Table S1.18. Minimum Retention for Inner RMZ Buffers on Type F streams, Washington
State

Site Class Harvest Age Green-Tree Retention *
(years) (trees per acre)
II 35 57
I 40 60
10Y 40 66

* Retention is for conifer trees with DBH > 12, and must be at least 57 conifer TPA.

All core RMZ buffer areas in Washington State are modeled as no-touch under the FPA
scenarios. Only Type F streams have additional RMZ constraints beyond the core no-touch buffer.
The outer RMZ buffer area in Washington requires the retention of at least 20 conifer TPA with
DBH > 20”. For the inner RMZ buffer area, we used an online tool produced by the Washington
Department of Natural Resources (Washington State Department of Natural Resources, 2009) to
estimate the green-tree retention during a proposed harvest to meet a desired future condition for
the stocking of conifer trees of 325 sq. ft. per acre at age 140. With this tool, we identified the
minimum retention requirements for a “thin from below” treatment in the Inner RMZ buffer area

for Type F streams.
Silvicultural Prescriptions for RMZs in Oregon under FPA Rules

All core RMZ buffer areas in Oregon are modeled as no-touch under the FPA scenarios.
Retention requirements in Oregon FPA rules are defined in terms of retention for a pre-defined
length of stream (e.g., 1,000 ft). These retention requirements were converted to trees per acre and
basal area per acre by dividing the specified retention by the area that would fall within each buffer
type for the pre-defined length of stream.

In practice, these retention requirements are enforced at the level of the entire RMZ rather
than for separate RMZ buffer areas. To simplify growth-and-yield simulations, we model each
RMZ buffer area independently and do not count retention in other RMZ buffers towards a total
value. This approach does not follow the common practice of “packing” retention into core and
inner buffer areas, and thus is likely to represent a higher level of green tree retention than is

required by Oregon FPA rules. For example, we model all core RMZ buffers as no-touch, and
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require all inner RMZ buffers to meet the per-acre retention requirements without consideration
of the retention neighboring core buffers.

For Type F and Type N streams, Oregon FPA rules following a branching logic approach.
Each stream size in these types has a pre-defined “Standard Target.” If, at the time of the proposed
harvest, a stand is at or above the Basal Area Standard Target, the retention must meet the levels
shown in Table S1.19. If a stand falls between 50-100% of the Basal Area Standard Target, the
retention must meet the levels shown in Table S1.20. If the stand does not currently meet or exceed
these retention levels, no harvest is permitted. Harvests within RMZ buffers are modeled as a “thin
from below,” removing the smallest trees from the stand’s diameter distribution first, while

enforcing the minimum TPA and DBH requirements for retention.

Table S1.19. Oregon FPA “Standard Targets” for Retention in Inner RMZ Buffers

Retention Type M TX});DF G SM T])\,;E?DN LG :lsjj}\}) : S?\l;l:jrl)l
g %0 ot w 0
Trees per Acre * -3 19 18 -- 9 19 18 22

I Type SSBT Streams have only one set of retention targets, they do not another retention
option as is the case with Type F and Type N streams. If a stand does not meet SSBT targets at
the time of proposed harvest, no harvest is permitted.

2 FPA rules for Type F and Type N streams count basal area in live conifer trees with DBH >
6”. For Type SSBT streams, the basal area target may include any species of trees with DBH
Z 6})

3 The requirements for the minimum number (TPA) and size (DBH) of retained trees refers to
live conifers only. Although exceptions exist in Oregon FPA rules for different stream types
and sizes, snags and hardwood trees are not counted toward retention requirements as
modeled in this study.

4 Small Type N streams do not have specific retention requirements for inner RMZ buffers.
These zones are modeled the same way as non-riparian areas.

3 Small Type F streams have no specific tree size or count requirements for inner RMZ buffers.
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Table S1.20. Oregon FPA “Alternative Targets” for Retention in Inner RMZ Buffers

. Type F Type N
Retention Type SM  MED LG SM  MED LG
Trees per Acre ! 61 63 66 -2 61 63

o |
Mlmmum DBH 6 6 6 N 6 6
(inches)

I The requirements for the minimum number (TPA) and size (DBH) of retained trees refers to
live conifers only.

2 Small Type N streams do not have any specific retention requirements for inner RMZ buffers.
These zones are modeled the same way as non-riparian areas.
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Chapter 2. Predicting forest structure attributes from lidar or satellite
data and assessing model transferability across multiple

ecoregions

2.1  INTRODUCTION

For natural resource scientists, agencies, managers, and service providers who work across
forested areas at the scale of ecoregions or states/provinces, the production of wall-to-wall maps
of forest conditions that can be updated on at least an annual basis remains a common pursuit. The
production of such maps has been aided by the rapidly expanding availability of remotely sensed
data used to characterize forest conditions across landscapes and to monitor and attribute changes
in them over time. In the field of forest science, data from airborne laser scanning (also known as
lidar) has taken on a particularly prominent role for addressing both commercial forest
management and ecological concerns. In fact, several US states and European countries have
begun investing in periodic province-scale airborne lidar acquisitions; however, large areas of the
world have no airborne lidar available, or partial or incomplete coverage. The emergence of
satellite constellations that release high-resolution imagery to the public with a high frequency
provides a clear opportunity to update predictive models and monitor various conditions on the
earth’s surface across entire regions frequently. For example, the Sentinel-2 mission employs two
satellites to offer imaging in the visible and near-infrared spectra at 10-meter resolution every 5
days since 2015. The increasing accessibility of satellite imagery through cloud services such as
Google Earth Engine (Gorelick et al., 2017) is also substantially enhancing the capacity and usage
of these data.

Systems leveraging remote sensing data with pre-existing timber cruise and stand
examination data for stand- and watershed-level planning have also emerged, such as the FSVeg
Spatial Data Analyzer used within the USFS to make maps with imputed plot data based on
correlational models trained using Landsat imagery and Common Stand Exam field data
(Arciniega, 2017; Haberland and Marston, 2017; USDA Forest Service, Natural Resource

Manager, 2021). The primary bottleneck, as in many computer vision and Machine Learning (ML)
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challenges, remains the limited volume of confidently located and labeled training data samples
which can be co-registered with remote sensing data layers.

In the Pacific Northwest, all state and federal agencies with significant involvement in
active forest management now employ remote sensing forest inventory systems, including
substantial investments into targeted field campaigns to collect forest data based on coincidence
with lidar acquisitions (Hudak et al., 2014) and digital aerial photogrammetry (Strunk et al., 2019).
Although all these natural resource agencies share generally similar interests in mapping out forest
attributes including canopy cover, tree height, stem density, volume, and biomass/carbon, they
continue to design and implement field campaigns with widely varying sampling strategies and
plot designs. The compilation of these data into a larger training dataset has provided an important
step towards the creation of a diverse regional dataset of confidently located labeled training data

for diverse forests across the Pacific Northwest.
Investigations into the transferability of remote sensing predictive models across space and time

Generating maps covering large landscapes and involving predictive models trained on
multiple data sources naturally leads to questions regarding the degree to which models trained in
one region or time can be transferred to others. Numerous studies have investigated the potential
transferability of models that predict forest attributes from remote sensing to other regions and
times (Foody et al., 2003; Cutler et al., 2012; Fekety et al., 2015, 2018; Hooper and Kennedy,
2018; Jin et al., 2018; Luther et al., 2019; Tompalski et al., 2019; Ewijk et al., 2020; Marino et al.,
2022). These investigations have generally been performed without the creation of public access
to the underlying data, and appear to be much more commonly applied to lidar data as opposed to
satellite imagery.

In contrast to most of the earlier studies into transferability of remote sensing models for
forestry, this study relied exclusively on data collected by other organizations and intended for
their own internal uses. I expect the comparatively large sample size I was able to secure by
compiling datasets that are technically in the public domain but are not publicly available should
be an indicator of a wave of additional inventory data that can be released over time and that this
diverse mixture of sampling protocols and data sources is likely to become a more common
situation for forest mapping efforts into the future. Among the previous transferability studies that

used forest measurements collected on the ground, most have relied upon relatively small research
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datasets (e.g., 100-500 plots) from a relatively small number (e.g., 2-3) of ecoregions (see Table
2)).

Previous research into the transferability of lidar-based forest structure models has
indicated that transferring models between regions and across lidar acquisitions may lead to
modest decreases in predictive accuracy and increased model bias, but that relationships between
predictor and target variables are largely conserved and model transfer remains a viable use case
(Fekety et al., 2015, 2018; Tompalski et al., 2019). In addition, Fekety et al. (2015) reported that
the inclusion of additional co-registered samples of single field plots with multiple instances of
remote sensing from different times can improve these models.

The performance of predictive models is largely sensitive to the algorithm chosen, and may
correspond to different generalization capabilities for model transfer among regions. Marino et al.
(2022) documented the transferability of parametric models (linear and exponential) between lidar
acquisitions to be dramatically affected by lidar dataset qualities such as pulse density, and can
produce significantly biased estimates of forest structure when transferred. Cosenza et al. (2020)
compared linear models fit using Ordinary Least Squares (OLS) regression, Random Forests (RF),
and k-Nearest Neighbor (kNN) models in five different countries spanning tropical to boreal
forests and found that OLS and RF models generally showed comparable performance, and that
kNN consistently performed the poorest. Fekety et al. (2015, 2018) utilized RF models across
multiple lidar acquisitions and study areas in northern Idaho and concluded these models
generalized relationships between forest structure and lidar attributes well.

The transferability of remote sensing models can also vary among target variables
predicted. Fekety et al. (2018) demonstrated that lidar based RF models show better transferability
for predictions of basal area (BA) than they do for stem density, with mean-Normalized Root Mean
Squared Error (Normalized Root Mean Square Error, NRMSE) for withheld field plots ranging
32-51% for BA and 40-67% for stem density. Fekety and colleagues (2018) concluded that their
research “supports extending lidar-based prediction models to lidar extents that do not have tree
data, assuming the structural characteristics of the unmeasured forest were included in the original

predictive model but measured elsewhere within the ecoregion.”
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Table 2.1. Studies investigating the transferability of forest structure models trained with remote sensing data

Study # Plots # Ecoregions Locations Algorithms
Foody et al. (2003) 144 3 Brazil, Thailand, Malaysia MLP

Cutler et al. (2012) 144 3 Brazil, Thailand, Malaysia MLP

Fekety et al. (2015) 173 1 Idaho, USA kNN, RF
Fekety et al. (2018) 360 1 Idaho, USA RF

Luther et al. (2019) 97 1 Newfoundland, Canada OLS, kNN, RF
Tompalksi et al. (2019) 239 1 Coastal British Columbia, Canada OLS, kNN, RF
Ewijk et al. (2020) 479 2 Alberta and Ontario/Quebec, Canada OLS, RF
Mauro et al. (2021) 1,133 6 Oregon, USA OLS, RF
Marino et al. (2022) 256 1 Segovia, Spain OLS

This study 2,550/4,199* 9 Oregon and Washington, USA OLS, kNN, RF, GBM

Notes: Abbreviations used for algorithms include: MLP = Multi-Layer Perceptron; kNN = k-Nearest Neighbors; RF = Random
Forest; OLS = Ordinary Least Squares (linear models including exponential and power transformed linear models);, and GBM =
Gradient Boosting Machines.

* Sample size for this study shows 2,550 unique plots co-registered with lidar, and 4,199 unique plots co-registered with satellite

imagery. When including grown-forward plot observations intersecting with multiple years of lidar scanning or satellite imagery,
sample size grows to 2,739 lidar plots and 7,816 satellite plots.
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When working across larger geographic areas, Hooper and Kennedy (2018) advocated for
the adoption of an ensembling approach that combines multiple locally-trained models fit to
spatially-overlapping subsets of the global dataset. Making predictions of land cover and
impervious surface presence across Washington, Oregon, and California, Hooper and Kennedy
reported a “subtle” effect where model performance decreased as the extent of the training dataset
used for each member of the ensemble increased, although this effect was not consistently seen for
predictions of forest cover and impervious surface cover, the two cases they investigated. When
lidar-based models for predicting forest structure were transferred from western to eastern Canada
boreal forests, Ewijk and colleagues (2020) found including data from the target region in training
data for a model substantially improved predictions, and that the best transferred models performed
within +- 5% NRMSE of the locally-trained model, but showed increased relative bias by up to
10% (i.e., average bias normalized by the mean response for each target variable).

Mauro and colleagues (2021) demonstrated an approach to adapting Machine Learning
(ML) models like Nearest Neighbors algorithms and Random Forests to semi-parametric forms
that allow “calibration” in new areas by adding a random effects term along with the non-
parametric model predictions to capture variation at plot- and lidar-acquisition scales not explained
by the non-parametric model. However, they reported “The minor effect that calibration had in the
semiparametric models can be explained by the ability of random forest to effectively use large
numbers of predictors and model nonlinear patterns. If the training dataset covers the main
ecological gradients of the area under analysis, random forest captures the most important sources
of variability that can be explained by the auxiliary information leaving little room for
improvements in the calibration step.”

Although the growing use of remote sensing data is increasingly influencing how and when
field observations are collected, most modeling efforts that seek to incorporate forest inventory
data from multiple locations and years, or using multiple sources of remote sensing (e.g., satellite
and lidar) commonly run into issues that the timing of field observations may differ from the timing
of remote sensing observations by months or years. This issue is particularly relevant when remote
sensing data are available with a relatively high frequency compared to field measurements which
are not commonly repeated in the same location over time, and in light of the fact that repeated
remote sensing observations of the same inventory plot can improve model performance (Fekety

et al., 2015). To effectively leverage the information that can be gleaned from costly field
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measurements of forest conditions, it is common to estimate forest conditions at the time of remote
sensing observations based on the inventory data and some model of forest change over time (de
Lera Garrido et al., 2020).

While the development of modeled observations derived from forest inventory plot
measurements can significantly increase the sample size available for model training and
validation due to repeated remote sensing (see Table 2.2), this practice can also introduce
systematic biases in the modeling effort. De Lera Garrido and colleagues (2020) highlighted the
potential for systematic errors based on underlying growth model biases, errors in excluding plots
that have been disturbed prior to remote sensing, and drift between how well the modeled data
distribution relates to the location where it is applied (e.g., as modeled forest conditions diverge
from the structure and composition in the field).

Spatial correlation within datasets has also been shown to be a source of information
leakage that violates assumptions of independence between cross-validation folds and/or train/test
splits (Hijmans, 2012; Schratz et al., 2019). In a study into the transferability of tropical forest
biomass models, Cosenza et al. (2020) suggested that five-fold cross-validation was more likely
to avoid issues of over-fitting that might lead to biased estimates of model performance when
leave-one-out cross validation is employed. In classification and regression problems across
diverse domains, it has repeatedly been observed that “flat” cross-validation that is also used to
perform feature selection and hyperparameter tuning can provide optimistically-biased estimates
of generalization ability that can be reduced with nested cross-validation (Varma and Simon, 2006;
Krstajic et al., 2014; Tsamardinos et al., 2015). That being said, Wainer and Cawley (2018) have
since suggested that a comparison of flat and nested cross-validations schemes in the case of binary

classification problems shows nested cross-validation schemes may commonly be overzealous.

Unmet demand for data and technology transfer to support fundamental forest assessment and

planning tasks

The effort described in this study to produce wall-to-wall forest maps in Oregon and
Washington was originally conceived within the scope of a collaborative project to develop
actionable science and decision-support tools for non-industrial forest owners (Diaz et al., 2020).
One of the objectives in this project was to develop a reproducible workflow to produce maps that

could be integrated into an open-source web application called Landmapper
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(https://landmapper.ecotrust.org) to reduce the time and effort required for the completion of forest

stewardship plans by non-industrial forest owners and their service providers.

In this chapter, I have summarized findings and lessons learned from an effort to identify
and deploy models suitable for statewide mapping of forest structure across Oregon and
Washington, USA with the objective of providing maps of forest attributes for use at stand- and
property-scales (i.e., less than 100 acres). I have reviewed how well different algorithms and
different types of remote sensing data (lidar vs. satellite) perform in predicting forest structure
attributes.

I have characterized how well these models appear to generalize the relationships between
remote sensing features and forest structure attributes and test which algorithms, once tuned, most
accurately predict six forest structure attributes using indicators for model precision and bias across
nine ecoregions across the states of Oregon and Washington, USA. I have quantified how much
each model’s performance is affected by increasing levels of access to information across a
landscape and a target region and report how model performance and transferability is affected by
the inclusion of sample weighting based on prior knowledge of forest conditions in the target
region.

I implemented several approaches to try and mitigate the potential biases introduced by
using modeled estimates of forest conditions to build predictive models, including: using modeled
estimates that are no more than 10 years from the date of measurement; eliminating plots from the
training dataset once they appear to have been disturbed; and employing nearest-neighbor based
re-weighting of sampling data to try to control for the “drift” or domain adaptation issue of fitting
models to data that are distributed differently from the population the models will be applied in. I
explored a similar process to the calibration approach employed by Mauro and colleagues (2021),
utilizing sample weighting based on prior information about the target region.

In response to previously-documented concerns regarding the practice of cross-validation,
I ensured that all repeated observations of individual plots were kept within a single fold for either
training or testing of models, although I did not adopt folding strategies that separate plots from
geographically similar areas into distinct folds. In addition, the regional hold-out strategies I
employed in fitting “Visitor” and “Outsider” models also helped to inform the effects on predictive

performance when models are trained without data from the region in which they are applied.
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Primary research questions/hypotheses

At a basic level, I expected the larger sample size compiled for this study compared to most
previous studies that have investigated transferability of regional forest structure models will
correspond to improved model performance and reduced bias compared to previous reports. |
expected linear models to show the weakest capacity for transferring effectively between regions,
and RF and GBM models to show the strongest ability to generalize and transfer between regions.
Given the nature of many ML algorithms as “data-hungry”, I expected RF and GBM models to
show improved performance in predicting forest conditions in target ecoregions based on the
inclusion of training from outside those ecoregions.

With the volume and diversity of training data available in this study, I expected variation
observed when transferring models trained in one region to another region to be dramatically
reduced when these “Visitor” models are compared to models trained with data spanning multiple
ecoregions. Across the varying scopes of training data described in the regional “hold-out” scopes
described in more detail in Methods below, I expected model performance to improve following
the general pattern of Visitor < Outsider < Insider < Global models. Finally, I expected sample
weighting as a strategy for domain adaptation would substantially improve the performance of
predictive models, particularly in regions where the distributions of forest structure attributes in
training and testing sets are more disparate.

Entering this study, I expected in general that lidar-based models would consistently
outperform satellite-based models, based on the higher density of information collected by lidar
and closer correspondence of active (versus passive) remote sensing to the underlying forest
structure that I sought to characterize and predict using six different attributes. While lidar models
would be preferable, I expected satellite models would offer predictive performance that is
sufficiently precise and unbiased to satisfy needs for property-scale planning (i.e., from dozens to
hundreds of acres) in extensive management scenarios and for regional-scale modeling and
monitoring that can be consistently applied for annually updated wall-to-wall maps. In use cases
involving intensive forest management where precise estimation of timber volume and value is a
primary concern, I expected satellite models will provide insufficient precision.

I expected ML models such as k-Nearest Neighbors (kNN), Random Forests (RF), and
Gradient Boosting Machines (GBM) to outperform linear models in terms of model precision and

to show less bias across the range of each attribute predicted. I expected sample weighting during
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model training would reduce biases for predictions in forest conditions that are underrepresented
in the training data relative to forest conditions across each ecoregion (e.g., lower canopy cover

and lower biomass forests).

2.2  METHODS

Compilation of multi-agency remote sensing plot data

Data from several thousand field plots were compiled spanning nine ecoregions across
Oregon and Washington states in the Pacific Northwest, USA (see Figure 2.1 and Table 2.2).
Ground-truth data (forest plots) were gathered from public records requests and direct
communications with agency staff. These records are from field campaigns implemented from
2010-2018 by the US Forest Service (USFS), Bureau of Land Management (BLM), and
Washington Department of Natural Resources (DNR).

Each of these campaigns adopted distinct plot designs, but all were intended for the explicit
purpose of developing models that correlate remote sensing data with forest attributes to build
predictive models. The USFS utilized the largest sampling plots, covering 1/4-acre each (58.9 ft
radius), while BLM utilized 1/8-acre plots (41.6 ft radius), and DNR utilized 1/10-acre plots (37.2
ft radius). Plots from each agency are limited to their own forest ownerships in the region,
corresponding to a concentration of BLM plots in southwestern Oregon, for USFS plots along the
Cascade Range and at higher elevations in the Blue Mountains, and with DNR plots scattered
broadly across Washington state, but generally at lower elevations in the Cascade Range compared
to USFS sample locations (see Figure 2.1).

These plot samples span significant climatic and biophysical gradients from the Pacific
Coast to the inland Northwest. They include samples from even-aged and multi- or uneven-aged
forests, including both naturally regenerated stands and tree plantations. Several of the major
differences between forest structure across ecoregions can be observed in the distributions of six
target variables recorded in the USFS Forest Inventory & Analysis (FIA) plot network illustrated
in Figure 2.2. In particular, forests in ecoregions west of the Cascade Crest tend to be denser in
terms of canopy cover and stem counts, with taller and larger diameter trees than are found in the

drier ecoregions east of the Cascade Crest.
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Figure 2.1. Locations of remote sensing forest plots.

Plots measured by Washington Department of Natural Resources (WA DNR), USDA
Forest Service (USFS) and USDOI Bureau of Land Management (BLM) across Oregon
and Washington states, USA. Names of EPA Level Il Ecoregions are labeled.
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Table 2.2 Plot-level observations used for model training and evaluation from each year of lidar acquisitions and
satellite imagery across Pacific Northwest ecoregions.

LIDAR YEARS SATELLITE YEARS
ECOREGION Ulflloqt‘;e 2012 2013 2014 2015 2016 2017 2018 | Total Ulflloqt‘;e 2019 2020 | Total
Blue Mountains 108 — -~ 17 91  — — - [108| 222 219 217 | 436
Western Cascades 545 - 69 21 22 193 170 104 | 579 | 952 937 914 | 1,851
Coast Range 879 4 291 192 75 129 208 57 | 956 | 1,485 1,435 1,117 |2,552
Eastern Cascades 191 - -- 44 30 61 3 53 191 556 548 544 | 1,092
Klamath Mountains 183 - 162 - 8 26 6 - |202| 231 224 191 | 415
North Cascades 382 - 11 43 218 86 49 | 407 | 448 440 437 | 877
Northern Rockies 108 - - -~ 6 38 32 42 | 118 | 111 108 108 | 216
Puget Lowland 11— 2 10 42 41 22 9 [126| 149 145 145 | 290
Willamette Valley 43 -- -- -- -- 1 37 5 43 45 43 44 87
Total 2550 4 524 299 317 709 564 322 [2,7739| 4,199 4,099 3,717 | 7,816

Notes: Individual field plots may appear in more than one year of lidar or satellite data. During model fitting and cross-
validation, all observations of a given plot were kept in the same cross-validation fold (i.e., used only for training or
testing).
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Figure 2.2. Distributions of forest structure variables across ecoregions comparing
training datasets with all forested areas in Oregon and Washington.

The distributions of the six target variables are displayed for each ecoregion. Each violin in
each graph displays the probability density of each variable in observations from the FIA
dataset (unshaded, left) and remote sensing training dataset (dark gray, right). The lines
inside each violin show the 25", 50", and 75" percentiles of each distribution. Ecoregion
abbreviations are: BM = Blue Mountains; CR = Coast Range,; EC = East Cascades; KM =
Klamath Mountains; NC = North Cascades; NR = Northern Rockies;, PL = Puget Lowlands;
WC = West Cascades; WV = Willamette Valley. These distributions are drawn from all
forested FIA “conditions” with each distinct condition given equal weight. Values for plot-
level attributes were calculated using FVS from FVS-ready FIA data (Shaw and Gagnon,
2020a).
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Compiling remote sensing data from publicly-available sources

Lidar and satellite imagery were gathered and processed into summary metrics for each
inventory plot. These remote sensing data were compiled to offer a single set of plot-level predictor
variables for each plot in each year where remote sensing data were available. Model-ready
training datasets for satellite-based and lidar-based models have been published online .

Lidar data were initially extracted from 111 different lidar acquisitions conducted between
the year 2000 and 2018. Lidar point clouds were primarily accessed from NOAA Digital Coast?,
the Puget Sound Lidar Consortium website?, the Washington DNR Lidar Portal*, and from an
FTP server for lidar data hosted by Oregon State University>. A small number of lidar datasets not
available from these public sources at that time were acquired through direct coordination with
USFS staff (Bob McGaughey, personal communication). Each of the lidar acquisitions employed
varying instrumentation and collection procedures, producing point clouds of varying densities,
particularly when comparing earlier acquisitions to more recent acquisitions. Point densities
among plot clips ranged from a low of 1.2 points per square meter to a high of 183.4 points per
square meter; 95% of plots had a lidar point density higher than 4.98 points per square meter. The
median point density among plots was 17.7 points per square meter.

At each inventory plot location, a 1-hectare circular clip of the point cloud was extracted
using the LAStools lasclip command line tool. One-hectare point cloud clips encompassing each
inventory were processed to generate ground surfaces using the LAStools lasground command line
tool, and then clipped to the fixed radius plot where tree measurements were collected (ranging
from 1/10-acre to 1/4-acre plots depending upon the agency that collected the field data). Point
clouds from these smaller plot clips were then summarized to the plot-level using the FUSION
lidar software CanopyModel, CloudMetrics and GridSurfaceStats command line tools. Grid-based
calculations (e.g., percent canopy cover) using lidar data were calculated using a 0.5-meter cell

size.

! Satellite-based training data are here:
https://github.com/Ecotrust/ForestMapping/blob/master/data/processed/sentinel_structure_training_data.csv
Lidar-based training data are here:
https://github.com/Ecotrust/ForestMapping/blob/master/data/processed/lidar_structure training_data.csv

2 https://coast.noaa.gov/digitalcoast/

3 https://pugetsoundlidar.ess.washington.edu/lidardata/

4 https://lidarportal.dnr.wa.gov/

5 ftp://lidar.engr.oregonstate.edu
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Satellite data were extracted and summarized covering the footprint of each inventory plot
for the years 2019 and 2020 using Sentinel-2 surface reflectance imagery (at 10-meter resolution
for most bands) available from Google Earth Engine ®. Sentinel-2 imagery covering plot footprints
using 10 bands (blue, green, red, near-infrared, two shortwave infrared bands, and four red edge
bands) were medoid-composited into leaf-on (April 1 through Sept 30) and leaf-off (October 1 of
preceding year through March 31 of current year) periods. Plot-level averages of these 10 bands
were calculated and then used to generate several derived indicators including Normalized
Difference Vegetation Index (NDVI) (Tucker, 1979; NASA, 2000), Soil Adjusted Vegetation
Index (SAVI) (Huete, 1988; US Geological Survey, 2022), and tasseled cap brightness, greenness,
and wetness (Shi and Xu, 2019). I also calculated the differences for each of these spectral values
and derived indices between leaf-on and leaf-off periods. The full suite of predictor variables used
from lidar and satellite data sources are shown in Table 2.3.

To help identify plots that had been disturbed between the time of their field measurement
and the time of lidar or satellite observation, I utilized the Landtrendr change detection algorithm
(Kennedy et al., 2010) based on short-wave infrared (SWIR) and normalized burn ratio (NBR)
indices calculated from Landsat imagery from 1984 to the year of lidar or Sentinel-2 observation.
Locations where a disturbance was detected using either the SWIR or NBR index between the year
of field measurement and the year of lidar or Sentinel-2 observation were excluded from
subsequent modeling. Landtrendr modeling was implemented on Google Earth Engine (Kennedy

et al., 2018).
Modeling plots forward in time to align with remote sensing data

To join remotely sensed data with field observations, field plots were projected to the year
of remote sensing using regional variants of the Forest Vegetation Simulator (FVS). FVS was used
to grow forward plot-level tree lists forward in time using an annual time-step. The differences
between the original measurement years and remote sensing data collection years are presented in
Table 2.4. In areas where multiple lidar acquisitions had been collected over time, each separate
year of lidar data was incorporated as a distinct sample using the closest year’s observed or

simulated tree data.

Table 2.3. Predictor variables used in lidar-based and satellite-based predictive models.

6 https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS _S2 SR
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Data Predictor Variables
Source
Lidar 17 lidar-specific variables, including ’:
e Proportion of lidar returns within 1 of 6 vertical strata (0.15 — 1.37, 1.37-5, 5-
10, 10-20, 20-30, and 30+ meters above ground)
o 5t 25t 50t 75% and 95" percentile of height above ground
e standard deviation of height above ground
e % canopy cover
e potential volume and surface volume
e kurtosis and skewness
Satellite 53 satellite-specific variables, including:
45 Sentinel-2 variables based on 10 spectral bands (R, G, B, NIR, SWIR2, SWIR2,
RE1, RE2, RE3, and RE4):
e Surface reflectance in 10 spectral bands during leaf-on and leaf-off periods
e NDVI, SAVI, and tasseled cap brightness, greenness, and wetness
e Change in surface reflectance for each of 10 bands and 5 derived indices
between leaf-on and leaf-off period
8 Landtrendr variables derived from Landsat 7 and Landsat 8 imagery:
e Duration, magnitude, rate, and years since last disturbance calculated based
on SWIR1 Landsat band.
¢ Duration, magnitude, rate, and years since last disturbance calculated based
on Normalized Burn Ratio calculated from Landsat SWIR1 and NIR bands.
All Elevation, Latitude, Longitude

Although several of the survey campaigns from which I sourced these plot data have

adopted manual inspection procedures for quality assessment and quality control, a substantial

number of plots still appear to be poorly co-registered or to have been disturbed sometime between

the date of field measurement and the observation date via remote sensing. In addition to excluding

measured or modeled plot data where disturbances were detected using the Landtrendr algorithm,

I also excluded plots from the training dataset where there were significant deviations between

field-derived dominant height and lidar-estimated canopy height. Comparisons between lidar-

derived heights (95™ percentile height of returns) were made with FVS-modeled dominant tree

heights. Plots were discarded where lidar-derived heights were more than 1001t taller than FVS-

estimated heights, where lidar-derived heights more than 50 ft shorter than FVS-estimated heights,

and where lidar-derived heights were less than half of FVS-estimated heights.

" Lidar attributes such as “surface volume” and “potential volume” are described in the FUSION Lidar Toolkit
Manual (McGaughey, 2022).
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Table 2.4. Time lags between field observations and remote sensing

LIDAR YEARS SATELLITE YEARS
f{gﬂ; Ul?lloqt‘sle 2012 2013 2014 2015 2016 2017 2018 | Total Ul?lloqt‘sle 2019 2020 | Total
2010 4 |3 - 2 9 - - | 14 355 | 355 0 | 355
2011 4 1~ 2 1 - - | 4 288 | 270 272 | 542
2013 528 | - 524 3 8§ 12 24 3 | 574 726 | 693 695 | 1,388
2014 351 | - - 244 37 77 32 - | 39 411 | 397 390 | 787
2015 433 | - - 44 262 118 28 5 | 457 572 | 560 557 | 1,117
2016 528 | - - = 500 35 25| 560 756 | 748 735 | 1,483
2017 420 | - o 445 - | 445 512 | 505 500 | 1,005
2018 272 | - - o 28| 286 593 | 585 581 | 1,166
Total 2550 | 4 524 295 317 707 564 319 | 2,730 4,199 (4,099 3,717 | 7.816

Notes: Individual field plots may appear in more than one year of lidar or satellite data. During model fitting and
cross-validation, all observations of a given plot were kept in the same cross-validation fold (i.e., used only for
training or testing).
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Forest structure attributes predicted

I developed models for predicting structural forest attributes as a regression task.
Regression models were utilized to predict plot-level forest attributes of percent canopy cover,
dominant tree height, quadratic mean diameter, live tree basal area, stem density of growing stock
trees (diameter at breast height greater than or equal to five inches), and aboveground live tree
carbon stocking. These plot-level attributes were generated by growing field-measured plot data
forward on an annual timestep using the regionally-appropriate variant of the Forest Vegetation
Simulator. I fitted models using lidar-derived features or using satellite-derived features. Results
are not presented from any models trained using both lidar and satellite data as input features.
Although several of the predictor variables are constrained (e.g., with canopy cover in the 0-100
range, and for all other variables to be non-negative), I did not transform (e.g., expit/inverse logit
or log transformations) the target variables, instead fitting regression models directly to the raw

values of these variables.
Domain shift and adaptation

The field observations collected by the various natural resource agencies are targeted and
follow differing sampling protocols. These inventory campaigns were designed to build correlative
models, and not necessarily to offer an unbiased sample of the forest conditions across all
ownerships in the regions. As such, the domain from which training data are gathered, both in
terms of predictor variables and prediction targets, may be distributed substantially differently
from the domains in which these models may be applied.

There is not a simple process to determine how well correlations between predictor
variables (e.g., remotely sensed attributes) and field conditions hold across space and time. In the
field of ML, this general concern has come to be described as a problem of “domain shift”, and a
variety of methods to support “domain adaptation” and “transfer learning” have become more
common and elaborated in the past few decades, particularly for neural network models trained
for computer vision and natural language processing tasks.

Given the intended use of these forest structure models for predicting conditions across all
forests in the Pacific Northwestern US states, I turned to the USFS Forest Inventory & Analysis

(FIA) dataset to generate estimates of the forest conditions across which these predictive models
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will be applied. By design, the FIA program employs a systematic random sample of US
forestlands that is well-suited for producing unbiased estimates of population attributes across US
states and ecoregions.

As shown in Figure 2.2, there are several target variables and ecoregions where the field-
sampled forest conditions in remote sensing plots are distributed substantially differently from
conditions observed across the FIA dataset. In particular, the remote sensing plots underrepresent
forest conditions with sparse or open canopy cover, that are relatively short, and that carry
relatively low biomass. This type of bias between the landscape and plots sampled may correspond
to reduced sampling in forests following recent timber harvests or other major disturbances, for
example.

As one potential option to try and mitigate the potential for biased model training, I
explored the use of weighted samples during model training. I am unaware of any other studies
applying this sample weighting approach to address domain adaptation despite a substantial body
of research investigating the potential for transferring correlative models between remote sensing
and forest attributes across space and time. The closest approaches to correct model biases
involved the fitting of semi-parametric models that add a random effect for each region to
predictions made by a non-parametric model such as RF (Mauro et al., 2021) or using a linear bias-
correction based on the comparison of pixel-level predictions aggregated across large regions with
FIA population estimates at county and state scales (Hudak et al., 2020).

In this study, I implemented a sample weighting scheme based on nearest neighbors
importance weighting (Loog, 2012). In brief, the weight assigned to each sample in the training
(remote sensing plot) dataset was based on the number of times that sample is returned as one of
the top 5 nearest neighbors for a plot observed in the reference (FIA) dataset. I performed this
nearest neighbor search by calculating the distance between FIA and training samples using the
Mahalanobis distance considering all six dimensions of forest structure being predicted (canopy
cover, dominant height, basal area, growing stock stem density, and aboveground live carbon).
The use of sample weighting led to (weighted) distributions of training data more closely

resembling the multivariate distributions of the reference data (see Figure 2.3 and Figure 2.4).
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Figure 2.3. Illustration of sample re-weighting for domain adaptation

The graphs above illustrate the distributions of training data and FIA conditions across two of
the six dimensions considered in this study (canopy cover and dominant height in this case). The
graphs show a two-dimensional kernel density estimate with the contour line containing 90% of
probability density for each dataset. Samples in the training data that are in areas
underrepresented relative to the FIA data distribution are given higher weight, while those that
are relatively oversampled receive less weight.
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Figure 2.4. Matching FIA distributions with sample re-weighting

Different probability densities of the six forest structure attributes predicted under the raw
training dataset and from FIA conditions across Oregon and Washington. By assigning different
sample weights, a closer approximation to the FIA distribution (which is believed to offer an
unbiased representation of the population to which the models will be applied) is achieved.
Weighting was determined separately for each ecoregion.
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For most of the results and findings discussed in this study, I estimated sample weights
independently in each ecoregion, assigning sample weights for the Blue Mountains ecoregion
based on the nearness of remote sensing forest structure samples to those observed from FIA plots

within the Blue Mountains.
Development of predictive models

In this study, I fitted several regression algorithms, including: (i) linear models fit using
either ElasticNet (Zou and Hastie, 2005) or Lasso regularization; (ii) k-Nearest Neighbors (kNN);
(i11) Random Forests (RF) (Breiman, 2001); and (iv) Gradient Boosting Machines (GBM). All
models were implemented using the scikit-learn Python package (Pedregosa et al., 2011).

I adopted a “chained” regression modeling approach. Remote sensing features (and
geographic attributes) are used as the inputs to the model, which first predicts canopy cover. The
input features as well as the cover-prediction are then passed as inputs to the next regressor in the
chain, which predicts dominant tree height, and so on, continuing forward down the chain of
regression models to predict quadratic mean diameter (QMD), etc. By the time the model is
predicting its final target (aboveground live tree carbon), it also has the predicted values of canopy
cover, dominant height, and diameter, basal area, QMD, and stem density available as input
features along with the remotely-sensed inputs. The chained approach allows the models to exploit
correlations between target variables (e.g., height, diameter, and stem density) while also offering
the convenience of a single model interface which simultaneously yields predictions of multiple

forest attribute given a single array of remotely-sensed inputs.
Nested cross-validation for hyperparameter tuning and model comparisons

In order to draw meaningful conclusions regarding the relative performance of alternative
model types, it is critical that each model be permitted to put its best foot forward. This means

incorporating a process for tuning model hyperparameters and not simply using default settings.
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5-Fold Cross-Validation to Estimate Model Performance

For each round, 20% of the dataset is set aside for evaluating model
performance (SCORE). The best-fitting model hyper-parameters are identified
in the nested tuning loop (right). Using those best-fitting parameters, a model is
fit using the 80% TRAIN subset and scored on the 20% SCORE subset that it
has never seen before.

Nested 3-Fold Cross-Validation to Find Best Model
Parameters

Using the 80% TRAIN subset, best-fitting model hyper-
parameters are searched for three separate times using different
subsets of the training data. The parameter combination which
gives the highest performance across three test sets is then selected
for scoring.

1. SCORE TRAIN TRAIN TRAIN TRAIN > 1.1 TEST TUNE TUNE

2. SCORE 1.2 TEST

3. SCORE 1.3 TEST

4. SCORE This nested tuning loop is repeated in each of the
five scoring rounds

5. SCORE

For a particular type of model (e.g., a Random Forest), the nested cross-validation approach generates five scores (one for each round of cross-validation). The
distribution of these scores help indicate how a well-tuned model performs on data it hasn’t seen before. When that model is ultimately applied in production,

it is fitted using all available data.

Figure 2.5. Illustration of nested cross validation for model tuning and validation.
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To tune hyperparameters of each algorithm, I employed grid search cross-validation. For
the linear models (ElasticNet and Lasso), I tuned the “alpha” parameter which modifies how
strongly the model penalizes the inclusion of additional terms, and in the case of ElasticNet, I also
tuned the “11_ratio” parameter, which controls how close to pure L1 or pure L2 penalty is applied ®.
I tuned three parameters in the kNN algorithm, including the number of neighbors, whether the k-
nearest neighbors are weighted when coming up with a regression prediction, and whether the
distance metric uses Minkowski or Manhattan distance. For the RF algorithm, I tuned the
“n_estimators” (number of trees), “max features” (predictor variables used by each tree),
“max_depth” (of each tree), and “max_samples” (proportion of training samples used in building
each tree). For the GBM algorithm, I tuned the “max_iter” (number of trees), “min_samples_leaf”
(number of samples for each leaf in each tree), “max_depth” (per tree), and “learning_rate”, which
controls or regularizes the scale of updates the GBM algorithm uses to build and refine decision
trees.

In general, I adopted these algorithms and model-tuning workflows because I was not
primarily interested in the specific settings for these hyperparameters, but rather approached this
problem with the expectation that all these algorithms should be tuned before having their
performance evaluated and compared. These tuning processes, when paired with nested cross-
validation, provide a valuable opportunity to limit the potential for overfitting or excessive
computation (without performance improvements) that can easily occur with algorithms like RF

and GBM when large numbers of trees and very deep trees are used.

Regional hold-out methods to enable assessments of model generalization and transferability

across ecoregions

To investigate inter-regional model transferability, I adopted and compared four cross-
validation strategies:
e “Visitor” models — trained using observations from a single region and evaluated on data

from a different region

8 The alpha parameters in this models as implemented in sckit-learn is equivalent to the lambda parameter as
implemented in the R package glmnet. The 11_ratio parameter in scikit-learn is equivalent to the alpha parameter in
glmnet.
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e “Outsider” models — trained using observations from all regions except the region used
for evaluation, but without using region as an explicit feature

e “Insider” models — trained using observations from a single region and evaluated on held-
out data from that region

e “Global” models —trained using observations from all regions and evaluated on held-out

data in each region

By fitting and evaluating models using strategically isolated training and testing datasets,
it was possible to more meaningfully characterize how much information and generalization
capability is gained by incorporating observations from new regions that may have substantially
different environmental conditions and forest types from a region in which these models might be
applied (extrapolated). I was particularly interested in characterizing any changes in model
performance given a choice between applying Insider models and Global models. For each type
of model, I quantified how the average performance in each ecoregion changes for tuned Global

versus Insider models changed using several indicators.
Performance indicators and model comparison

To refer to the various models compared, I adopted a naming convention combining the
algorithm used (e.g., RF, KNN), geographic scope of data (e.g., INSIDER, GLOBAL), and source
of data (e.g., LIDAR, SATELLITE). For example, GBM-GLOBAL-LIDAR refers to a model
employing the Gradient Boosting Machines algorithm trained using data from all ecoregions with
remotely-sensed features derived from lidar, whereas RF-INSIDER-SATELLITE refers to a
model employing the Random Forests algorithm trained and tested with data from a single
ecoregion with remotely-sensed features derived from satellite imagery.

To evaluate models, I followed the recommendations of Riemann et al. (2010) in
generating multiple performance metrics including root mean squared error (RMSE), mean
absolute error (MAE), mean error (bias), and normalized versions of RMSE, MAE, and bias to
quantify predictive errors as a percentage of the mean value for a particular statistic (i.e., NRMSE
for RMSE and MAPE for MAE, and relative bias). I also employed the Kolmogorov-Smirnov
statistic as a distance measure (KS distance) to quantify inter-regional differences in distributions

of individual forest structure target variables (Riemann et al., 2010).
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Model performance scores were calculated based on nested cross-validation with five outer
folds in each of nine ecoregions. The cross-validation scores in each ecoregion wee treated as
distinct datasets, and model comparison was conducted following (Demsar, 2006) as implemented
and visualized by the Autorank package in Python (Herbold, 2020). The performance of two
models was considered significantly different if the corresponding average ranks differ by at least
the Critical Difference (CD) determined by the Nemenyi test (Nemenyi, 1963).

To characterize the potential for model transferability, following Fekety et al. (2015) I
considered Visitor and Global models to offer comparable performance to Insider models in any
given ecoregion if the average performance metric of the Visitor or Global model was better than
or equal to the mean plus one standard deviation for that performance metric by the Insider model,

which was estimated through five-fold cross-validation.
Reproducibility

Workflows used to train and validate models and to summarize and visualize data and
model performance and comparisons were implemented through a series of Jupyter Notebooks.
The training data (summarized to tabular form) along with the code and Notebooks necessary to
reproduce these analyses are published on GitHub with a permissible open-source license:

https://github.com/Ecotrust/ForestMapping. The raw training data (e.g., point clouds, satellite

images, etc.) have not yet been published.

2.3  RESULTS

Overall predictive performance

Lidar-based models consistently outperformed satellite-based models for every algorithm
and forest structure attribute predicted in terms of model precision (see Figure 2.6 and Figure 2.7).
For all six target variables, the ranks of the top-performing lidar variables were always found to
be statistically significantly different (higher) than the best-performing satellite models. For
canopy cover, lidar-based models consistently outperformed their satellite-based counterparts, but
the differences were more muted, with several satellite-based models showing performance that

was not statistically significantly different from mid- and lower-ranking lidar models.
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For every target variable, either the GBM-GLOBAL-LIDAR or RF-GLOBAL-LIDAR
model was the top-ranked model. The corresponding Insider versions of these models (GBM-
INSIDER-LIDAR and RF-INSIDER-LIDAR) were never lower than the Global models to a
statistically significant degree. For linear models (both ElasticNet and Lasso), Insider models
commonly outranked Global models in terms of model precision (i.e., (N)RMSE and MA(P)E).

In terms of model precision, the ordering of model performance across algorithms was
similar for both lidar- and satellite-based models, with GBM generally showing top performance,
followed by RF, then the linear models (Lasso and ElasticNet), with kNN often showing the worst
performance. In the case of QMD predictions, lidar-based kNN models showed worse performance
on average than satellite-based linear Insider models.

Models trained with data from the regions in which they were tested (Global and Insider
models) generally showed predictive performance for lidar-based models in the range of 25%
NRMSE for canopy cover, 15-20% for dominant height, 30% for basal area, 30-35% for QMD,
40% for growing stock stem density, and 30-35% for aboveground live tree carbon (see Figure 2.8
and Figure 2.9). For satellite models, Insider and Global models showed slightly worse
performance, with NRMSE generally in the range of 35% for canopy cover, 30% for dominant
height, 40% for basal area, 35-40% for QMD, 50-60% for growing stock stem density, and 40%

for aboveground live tree carbon (see Figure 2.8 and Figure 2.9).
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Figure 2.6. Rankings of forest structure predictive models based on NRMSE (part 1 of 2).
Each graph displays the average ranking of models based on weighted training data for each
combination of algorithm (GBM, ElasticNet, Lasso, RF, and kNN), scope (insider or global) and
data source (lidar or satellite) across all ecoregions following Demsar (2006). Models that are
not statistically significantly different from each other are displayed as crossing the same
horizontal black bar below the rank scale.
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Figure 2.7. Rankings of forest structure predictive models based on NRMSE (part 2 of 2).
Each graph displays the average ranking of models based on weighted training data for each
combination of algorithm (GBM, ElasticNet, Lasso, RF, and kNN), scope (insider or global)
and source (lidar or satellite) across all ecoregions following Demsar (2006). Models that are
not statistically significantly different from each other are displayed as crossing the same
horizontal black bar below the rank scale.
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Figure 2.8. Predictive performance (Normalized Root Mean Square Error, NRMSE) of lidar- and satellite-based models on
three forest structure attributes (1 of 2).

The middle line in each box displays the median, the upper and lower edges the 25th and 75th percentiles, and whiskers for 5th and
95th percentiles. Individual observations outside these ranges are shown as points. For Global and Insider models, each box
summarizes five cross-validation scores across nine ecoregions (45 values),; for Visitor models, each box summarizes 72 scores of
algorithms trained in one of nine ecoregions applied in another (for each of nine regions, there are eight Visitor models scored
once); and for Outsider models, each box summarizes nine scores (one Qutsider model applied to each of nine ecoregions).
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Figure 2.9. Predictive performance (Normalized Root Mean Square Error, NRMSE) of lidar- and satellite-based models on
three forest structure attributes (2 of 2).
The middle line in each box displays the median, the upper and lower edges the 25th and 75th percentiles, and whiskers for 5th and
95th percentiles. Individual observations outside these ranges are shown as points. For Global and Insider models, each box
summarizes five cross-validation scores across nine ecoregions (45 values), for Visitor models, each box summarizes 72 scores of
algorithms trained in one of nine ecoregions applied in another (for each of nine regions, there are eight Visitor models scored
once), and for Outsider models, each box summarizes nine scores (one Outsider model applied to each of nine ecoregions).
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Figure 2.10. Performance (Normalized Root Mean Square Error, NRMSE) of GBM-GLOBAL and GBM-INSIDER lidar
models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the GBM Insider and Global models trained from lidar data
and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure 2.11. Performance (Normalized Root Mean Square Error, NRMSE) of GBM-GLOBAL and GBM-INSIDER satellite
models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the GBM Insider and Global models trained from satellite
data and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Model precision (e.g., NRMSE) was generally consistent in each ecoregion, although the
variation in cross-validation scores was often larger for regions that had smaller numbers of
observations (see GBM model performance across regions in Figure 2.10 and Figure 2.11 and for
all other algorithms in Figure S2.33 through Figure S2.40).

When model performance was considered in terms of average bias, linear models,
particularly linear Insider models, more commonly showed up among the top-ranked models (see
Figure 2.12 and Figure 2.13). Lidar-based models also tended to show smaller biases than their
satellite-based counterparts, but this performance advantage was not as strong or clearcut as in the
case of NRMSE or MAPE, with several instances of satellite-based models showing rankings for
average bias that were not statistically significantly worse than the top-performing lidar models.
kNN models were consistently the lowest-ranking models in terms of average bias.

Among Global and Insider models, average bias was much more highly variable among
the different algorithms employed than was the case with model precision, especially for satellite-
based models. Linear models, both ElasticNet and Lasso generally showed limited average bias
for both lidar and satellite-based models, while ML models commonly showed negative biases and
tended to under-predict field-recorded forest structure attributes. Satellite-based kNN and RF
models showed pronounced negative biases on the order of -20 to -30%. Lidar-based GBM models
generally showed comparable levels of bias as linear models (in the range of -5 to +5 %), but
substantial negative biases were observed for GBM satellite-based models.

Across ecoregions, the performance of GBM Global and Insider models in terms of bias
varied modestly (see Figure 2.16 and Figure 2.17 for bias of GBM models across regions and

Figure S2.41 through Figure S2.48 for bias of all other models across regions).
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Figure 2.12. Rankings of forest structure models based on relative bias (part 1 of 2).
Each graph displays the average ranking of models based on weighted training data for each
combination of algorithm, scope (insider or global) and source (lidar or satellite) across all
ecoregions following Demsar (2006). Models that are not statistically significantly different
from each other are displayed as crossing the same horizontal black bar below the rank scale.
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Figure 2.13. Rankings of forest structure models based on relative bias (part 2 of 2).
Each graph displays the average ranking of models based on weighted training data for each
combination of algorithm, scope (insider or global) and source (lidar or satellite) across all
ecoregions following Demsar (2006). Models that are not statistically significantly different
from each other are displayed as crossing the same horizontal black bar below the rank scale.
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Figure 2.14. Predictive performance (% bias) of lidar- and satellite-based models on three forest structure attributes (1 of 2).
The middle line in each box displays the median, the upper and lower edges the 25th and 75th percentiles, and whiskers for 5th and
95th percentiles. Individual observations outside these ranges are shown as points. For Global and Insider models, each box
summarizes five cross-validation scores across nine ecoregions (45 values), for Visitor models, each box summarizes 72 scores of
algorithms trained in one of nine ecoregions applied in another (for each of nine regions, there are eight Visitor models scored
once), and for Outsider models, each box summarizes nine scores (one Outsider model applied to each of nine ecoregions).
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Figure 2.15. Predictive performance (% bias) of lidar- and satellite-based models on three forest structure attributes (2 of 2).
The middle line in each box displays the median, the upper and lower edges the 25th and 75th percentiles, and whiskers for 5th and

95th percentiles. Individual observations outside these ranges are shown as points. For Global and Insider models, each box

summarizes five cross-validation scores across nine ecoregions (45 values); for Visitor models, each box summarizes 72 scores of
algorithms trained in one of nine ecoregions applied in another (for each of nine regions, there are eight Visitor models scored
once), and for Outsider models, each box summarizes nine scores (one Outsider model applied to each of nine ecoregions).
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Figure 2.16. Performance (% bias) of GBM-GLOBAL and GBM-INSIDER lidar models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the GBM Insider and Global models trained from lidar data
and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure 2.17. Performance (% bias) of GBM-GLOBAL and GBM-INSIDER satellite models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the GBM Insider and Global models trained from satellite
data and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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When looking across the range of each target variable, all models showed biases related to
the magnitude of the target variable. Observed and predicted values for GBM (see Figure 2.18 and
Figure 2.19) and Lasso models (see Figure 2.20 and Figure 2.21) illustrate these trends in model
bias well. All models tended to overpredict canopy cover at low levels and to underpredict it at
high levels. Lidar models showed relatively limited bias in the prediction of field-estimated
dominant height, while satellite-based models more strongly overpredicted the height of short plots
and underpredicted the height of taller plots. Predictions of basal area and aboveground live tree
carbon by both lidar and satellite models generally showed little-to-no-bias over most of the range
of these variables, but did follow a common “saturating” pattern observed in many remote sensing
studies which very high levels of basal area and carbon stocking tending to be underpredicted.

The shape of prediction biases across the range of each target variable were generally the
same between lidar- and satellite-based models, though satellite-based models generally showed
more accentuated patterns of bias that were observed in lidar-based models (see, for example,
Figure 2.18 and Figure 2.19). Similarly, linear models showed even more accentuated patterns of
bias across the range of each predictor variable than ML models like GBM and RF (see Figure
2.20 and Figure 2.21). Linear models showed strong saturating effects for predictions of QMD,
growing stock stem density, basal area, and aboveground live tree carbon that were particularly

prominent in satellite-based linear models.
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Figure 2.18. Correspondence between predictions and observations for top-performing satellite and lidar models (1 of 2).
These graphs show the predicted and observed values for top-performing lidar (top row) and satellite (bottom row) models. Values
above illustrate predictions on data withheld from model training using five 80-20% folds. The blue line shows a locally weighted
scatterplot smoothing function for the model trained on raw (unweighted) data, and red line for the model trained on weighted
training data.
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Figure 2.19. Correspondence between predictions and observations for top-performing satellite and lidar models (2 of 2).

These graphs show the predicted and observed values for top-performing lidar (top row) and satellite (bottom row) models. Values

above illustrate predictions on data withheld from model training using five 80-20% folds. The blue line shows a locally weighted

scatterplot smoothing function for the model trained on raw (unweighted) data, and red line for the model trained on weighted
training data.
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Figure 2.20. Correspondence between predictions and observations for linear satellite and lidar models (1 of 2).

These graphs show the predicted and observed values for Lasso models fit to lidar (top row) and satellite (bottom row) datasets.
Values above illustrate predictions on data withheld from model training using five 80-20% folds. The blue line shows a locally
weighted scatterplot smoothing function for the model trained on raw (unweighted) data, and red line for the model trained on
weighted training data.
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Figure 2.21. Correspondence between predictions and observations for linear satellite and lidar models (2 of 2).

These graphs show the predicted and observed values for Lasso models fit to lidar (top row) and satellite (bottom row) datasets.
Values above illustrate predictions on data withheld from model training using five 80-20% folds. The blue line shows a locally
weighted scatterplot smoothing function for the model trained on raw (unweighted) data, and red line for the model trained on

weighted training data.
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Generalization capabilities, Insider vs. Global models

Applying the comparison threshold used by Fekety et al. (2018), I considered Global
models practically equivalent to Insider models if the precision achieved by Global models was
less than or equal to the average plus one standard deviation of the NRMSE of the Insider model
estimated from five-fold cross validation. The outcomes of these comparisons among the nine

ecoregions are shown in Table 2.5.

Table 2.5. Practical equivalence between Global and Insider models, NRMSE

Data Target
Model

Source Cover DomHt BA QMD GSTPA AGLTC

Lidar ElasticNet 8/9 9/9 8/9 8/9 9/9 8/9
Lasso 8/9 9/9 7/9 8/9 9/9 8/9
kNN 8/9 9/9 8/9 9/9 9/9 8/9
RF 8/9 9/9 8/9 9/9 9/9 7/9
GBM 9/9 9/9 8/9 9/9 9/9 8/9

Satellite ElasticNet 9/9 8/9 7/9 9/9 9/9 6/9
Lasso 9/9 8/9 7/9 9/9 9/9 7/9
kNN 9/9 9/9 7/9 6/9 9/9 7/9
RF 9/9 9/9 8/9 6/9 9/9 8/9
GBM 9/9 9/9 9/9 8/9 8/9 9/9

Notes: The values in the table show the number of ecoregions (out of 9 total) where a
Global model showed performance deemed practically equivalent to the Insider model
for that region. Global models showing NRMSE within the mean plus one standard
deviation of the NRMSE for the Insider model are deemed practically equivalent.
Target variables are canopy cover (Cover), dominant height (Dom Ht), live tree basal
area (BA), quadratic mean diameter (OMD), growing stock trees per acre (GS TPA),
and aboveground live tree carbon (AGLTC).

For the top-performing ML model (GBM), the few ecoregions where Global models
showed average NRMSE exceeding Insider models were limited to estimates of aboveground
carbon and basal area for lidar-based GBM models applied in the Willamette Valley, and for
estimates of growing stock stem density from satellite-based GBM models applied in the Klamath
Mountains. Visual inspection of the NRMSE model performance for GBM-Global and GBM-
Insider models suggested this may have been an artifact of a single fold within five-fold cross-

validation showing more extreme scores, whereas the scores from the other four folds for these
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regions and target variables suggest practically equivalent or improved performance by the Global
model compared with the Insider model (see Figure 2.10 and Figure 2.11).

When considering changes in bias when training data from outside a target region is added
to a model, I observed that absolute bias did increase in several regions for several models, leading
Global models to frequently show practically equivalent performance to Insider models (see Table
2.6).

Table 2.6. Practical equivalence between Global and Insider models, % Bias

Data Target
Model

Source Cover DomHt BA QMD GSTPA AGLTC

Lidar ElasticNet 5/9 6/9 8/9 5/9 9/9 7/9
Lasso 6/9 6/9 8/9 4/9 9/9 7/9
kNN 7/9 9/9 8/9 7/9 9/9 7/9
RF 8/9 9/9 7/9 8/9 9/9 6/9
GBM 9/9 9/9 8/9 9/9 9/9 8/9

Satellite ElasticNet 8/9 8/9 8/9 5/9 8/9 7/9
Lasso 8/9 8/9 8/9 5/9 9/9 7/9
kNN 9/9 8/9 7/9 7/9 9/9 6/9
RF 8/9 8/9 6/9 6/9 8/9 6/9
GBM 9/9 8/9 8/9 8/9 9/9 7/9

Notes: The values in the table show the number of ecoregions (out of 9 total) where a
Global model showed performance deemed practically equivalent to the Insider model
for that region. Global models showing % absolute bias within the mean plus one
standard deviation of the % absolute bias for the Insider model are deemed
practically equivalent. Target variables are canopy cover (Cover), dominant height
(Dom Ht), live tree basal area (BA), quadratic mean diameter (QMD), growing stock
trees per acre (GS TPA), and aboveground live tree carbon (AGLTC).

In the case of the best-performing ML model (GBM), bias did not change substantially
between Insider and Global models for most ecoregions and targets. For lidar-based GBM models,
only aboveground live carbon and live basal area in the Willamette Valley showed average % bias
that exceeded the mean plus one standard deviation observed for the Insider models. Upon visual
inspection, this difference appeared to be an artifact of single folds within the five-fold cross
validation showing extreme values (see Figure 2.16). In the case of satellite-based GBM models,
the following ecoregions and targets showed GBM-Global models with substantially different bias
to GBM-Insider models: aboveground live carbon in the Blue Mountains and in the Northern

Rockies; basal area in the Blue Mountains; QMD in the Puget Lowlands; and dominant height in
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the Willamette Valley. I was unable to find a discernible pattern from these examples. I generally
found that GBM-Global models had comparable precision and bias in the overwhelming majority

of ecoregions and target variables.
Predictive improvements with increasing size and diversity of training data

I found significant improvements in predictive performance as models gained increasing
volume and diversity of training data for all algorithms used. In general, the leap in model
performance was the largest moving from Visitor models to Outsider models (see Figure 2.8 and
Figure 2.9). Access to training data from within the target ecoregion had a much smaller influence
over predictive performance compared to access to training data from other ecoregions across the
broader Pacific Northwest outside the target ecoregion. This pattern was true for both model
precision (e.g., NRMSE, also see Figure S2.28 and Figure S2.29) and bias (see Figure 2.14 and
Figure 2.15).

Model transferability between ecoregions

When focusing on models trained in single ecoregions and applied in others, I observed
that transferability of models varied dramatically depending upon the variable being predicted.
Canopy cover models appeared to be most highly transferable between diverse ecoregions, while
models for aboveground live tree carbon showed substantially worse performance with transfer
across regions, for example (see Figure 2.22 and Figure 2.23). I observed increasing distance
between regions for any variable (as measured by the Kolmogorov-Smirnov distance)
corresponded to substantial increase in predictive error for the Lasso-regularized (linear) Visitor
models, but did not appear to have a similar pattern with the GBM-Visitor models. This pattern of
degrading transferability performance with increasing KS distance between regions is particularly

apparent for linear models where the training region has fewer than 500 observations to learn from.
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Figure 2.22. Visitor transferability for canopy cover predictions.

These graphs show the performance (in terms of NRMSE) of GBM and Lasso models trained in one region and applied in another
based on the Kolmogorov-Smirnov distance between the training region and target region for canopy cover, and the number of
samples in the training region. Visitor models that showed average NRMSE less than or equal to the mean + 1SD of the Insider
model NRMSE for that target region are outlined in red.
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Aboveground Live Carbon Transferability
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Figure 2.23. Visitor transferability for aboveground live carbon predictions.

These graphs show the performance (in terms of NRMSE) of GBM and Lasso models trained in one region and applied in another

based on the Kolmogorov-Smirnov distance between the training region and target region for aboveground live carbon, and the

number of samples in the training region. Visitor models that showed average NRMSE less than or equal to the mean + 1SD of the

Insider model NRMSE for that target region are outlined in red.

Page 100 of 225



Effects of sample weighting on model transferability

Focusing on the influence of sample weighting as a strategy to address domain shift
between training datasets and target regions, I observed weak and inconsistent (in terms of
direction) effects on model precision (e.g., NRMSE) of sample weighting when applied to GBM-
Visitor models, and strong but also inconsistent (in terms of direction) effects on model precision
when samples were weighted for Lasso-Visitor models. The effects of sample weighting on model
precision did not appear to follow substantially different patterns between lidar-based and satellite-
based models for a given algorithm (e.g., effects of weighting appeared similar for GBM-Visitor-
Lidar as for GBM-Visitor-Satellite). Although the direction of effects of sample weighting were
inconsistent on model precision, sample weighting generally appeared to have a negative effect on
model performance in terms of bias for both Lasso-Visitor and GBM-Visitor models (see Figure
2.26 and Figure 2.27).

Across the range of each target variable, sample weighting had different effects. Sample
weighting tended to reduce the overprediction bias commonly observed at the lower end of each
structure variable’s range, but to exacerbate the underprediction bias commonly observed at the
upper end of the target variable’s range. This pattern of weighting on bias across each variable’s
range appeared much more muted for GBM models than for Lasso models (see Figure 2.18 and

Figure 2.19).
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Canopy Cover Weighting Effect on NRMSE
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Figure 2.24. Effect of sample weighting on Visitor transferability for canopy cover predictions.

These graphs show the performance (in terms of NRMSE) of GBM and Lasso models trained in one region and applied in another
based on the Kolmogorov-Smirnov distance between the training region and target region for canopy cover, and the number of
samples in the training region. Visitor models that showed improved NRMSE are outlined in red, while those that worsened are
outlined in blue. The size of the circle corresponds to the magnitude of change in NRMSE between weighted and unweighted
models.
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Figure 2.25. Effect of sample weighting on Visitor transferability for aboveground live carbon predictions.

These graphs show the performance (in terms of NRMSE) of GBM and Lasso models trained in one region and applied in another
based on the Kolmogorov-Smirnov distance between the training region and target region for aboveground live carbon, and the
number of samples in the training region. Visitor models that showed improved NRMSE are outlined in red, while those that
worsened are outlined in blue. The size of the circle corresponds to the magnitude of change in NRMSE between weighted and
unweighted models.
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Canopy Cover Weighting Effect on Relative Bias
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Figure 2.26. Effect of sample weighting on Visitor transferability for canopy cover predictions.

These graphs show the performance (in terms of relative bias) of GBM and Lasso models trained in one region and applied in
another based on the Kolmogorov-Smirnov distance between the training region and target region for canopy cover, and the
number of samples in the training region. Visitor models that showed improved % bias are outlined in red, while those that
worsened are outlined in blue. The size of the circle corresponds to the magnitude of change in % bias between weighted and
unweighted models.
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Aboveground Live Carbon Weighting Effect on Relative Bias
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Figure 2.27. Effect of sample weighting on Visitor transferability for aboveground live carbon predictions.

These graphs show the performance (in terms of relative bias) of GBM and Lasso models trained in one region and applied in
another based on the Kolmogorov-Smirnov distance between the training region and target region for aboveground live carbon,
and the number of samples in the training region. Visitor models that showed improved % bias are outlined in red, while those that
worsened are outlined in blue. The size of the circle corresponds to the magnitude of change in % bias between weighted and
unweighted models.
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2.4 DISCUSSION

The increased gain of predictive performance in terms of precision and bias seen with
access to larger and more diverse datasets across the region as opposed to data within individual
target ecoregions where a model is applied suggested that all algorithms investigated, including
linear models, show potential benefits from being trained with data across multiple regions. This
finding runs contrary to Ewijk et al. (2020) who observed increasing bias when data from the target
region was added to a transferred model. I suspect this difference in finding may be related to the
sample size and hold-out strategy used by Ewijk et al. (2020), who were conducting comparisons
using only two regions with two research sites containing 397 and 92 plot observations in the two
regions. In this study, the consideration of multiple ecoregions, access to a much larger sample
size, and the addition of an Outsider scope in this study may allow us to speak more directly to the
effects of access to multi-regional data distinct from the impact of accessing data from the target
ecoregion.

RF and GBM models appear best-suited for these types of trans-regional applications
(compared to linear models and kNN) due to the continued incremental gains in precision seen as
these models are compared between Outsider > Insider > Global, with no substantial change in
model bias. When considering both model precision and bias, I conclude that GBM models appear
to offer the best overall performance compared to other algorithms, and that Global models offer
performance that typically meets or exceeds the performance offered by models trained in single
ecoregions.

Given the substantially larger sample sizes available from the compilation of plot-level
observations across agencies and ecoregions and apparent transferability capacity of non-linear
ML models, I suggest that ML models such as GBM fit to multi-regional datasets involving
thousands of samples covering the diversity of forest structures observed across a bioregion are
likely to mitigate the need for significant new field campaigns to collect plot observations for
developing correlative models with remote sensing in the Pacific Northwest for most forest
conditions. The compilation of multi-agency remote sensing datasets is likely to provide a suitable
basis for most forest monitoring and mapping needs such that additional field measurement can

and should be focused on increasing sample sizes for forest conditions that the models show
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poorest performance, particularly in areas at the lower and higher ends of the ranges of forest
structure conditions, including forest conditions with more sparse and open canopies.

Among the various performance metrics and consideration of both precision and bias,
GBM appears to be a consistently top-performing model that offers desirable indications of
transferability and generalization across and among regions. Similar to Cosenza et al (2020), but
contrary to my initial expectations, I observed kNN models generally showed worse performance
than either linear models or tree-based models (GBM and RF). As expected, the RF and GBM
models showed improved performance relative to the linear models, particularly in terms of
predictive precision. The observations of substantial negative biases for kNN and RF models raise
some concern given the widespread use of similar models across the Pacific Northwest for regional
analysis, although some bias-correction methods recently introduced (Hudak et al., 2020) using
comparisons with FIA population estimates at county- and larger geographic extents may help
mitigate this issue substantially.

Consistent with my hypothesis, I found that lidar models showed the highest predictive
performance in terms of precision and bias. Across regions, I generally observed predictive
performance of Global and Insider lidar-based models are likely to satisfy the levels of precision
needed for intensive and precision forestry use cases based on feedback from beta-testing with
family forest owners and consulting foresters in Oregon, and from an advisory team including
family forest owners, land trust managers, consulting foresters, and state and federal managers of
forest conservation and planning programs for non-industrial private forest owners.

In the ranges of forest height and average tree diameters where changes in boardfoot
volume and value used to drive commercial timber planning decisions are particularly sensitive to
upward or downward biases, the predictive performance of the best-performing satellite models
appears unlikely to meet the needs for intensive forestry planning or forest planning that is
particularly concerned with boardfoot volume and value. In contrast, however, the satellite-based
estimates of basal area, aboveground live carbon, and canopy cover generally seem to be
sufficiently precise and unbiased in the range of forest conditions commonly observed among non-
industrial forest owner properties and may be suitable for forest conservation and stewardship
planning in these extensive management contexts. As these maps and predicted forest attributes

are integrated into a publicly-accessible web application (http://landmapper.ecotrust.org), we
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expect to continue gathering user feedback to identify forest conditions types that are not being
adequately modeled, and to update models using an iterative approach.

The systematic biases observed with satellite data raise a substantial concern regarding the
ability for satellite-based models to consistently detect and monitor late successional forest
conditions in the upper ranges of basal area and carbon stocking. For public forest agencies where
substantial regulatory and management attention are directed these forest types, lidar-based models
may be necessary to confidently assess and monitor them. Initial feedback from beta-testers and
advisors suggest estimates of average diameter and growing stock stem density from satellite-
based models appear borderline for extensive or non-industrial use cases at property- and stand-
scales, but may be suitable for larger landscape planning efforts where decisions are not
particularly sensitive to these variables.

This study utilized canopy cover derived from allometric equations (within the Forest
Vegetation Simulator) applied to inventory data as an estimate of canopy cover in the field.
Considering canopy cover is one of the forest attributes most directly related to what remote
sensing instruments “see”, the comparable amount of error seen in models trained from lidar and
from satellite data sources suggests that underlying error or bias in the allometric equations may
be substantially confounding estimates of the performance of the predictive models. Since the
active sensing of lidar is known to detect the occurrence of vegetation very precisely, it would
seem preferable to adopt models that incorporate lidar-derived estimates of canopy cover as more
reliable than allometric estimates from inventory data. In particular, it has been documented that
FVS equations for estimating canopy cover, particularly regarding adjustments to account for tree
spacing and crown overlap, tend to underestimate canopy cover in dense closed canopy conditions
(Gray et al., 2021). I suspect this systematic underestimation of dense canopy cover by allometric
models may be a major contributor to the saturating effect observed in predictions of canopy cover
for both lidar- and satellite-based models.

Sample weighting did not appear to substantially alter the performance of GBM models,
but did have significant effects on the performance of linear models in terms of magnitude. Mauro
et al. (2021) found that pre-calibration substantially affected linear model bias but was minimal
for semi-parametric models (RF models with random effects added for each field plot and lidar
acquisition). However, in contrast to Mauro et al. (2021), I observed sample weighting to be much

more likely to substantially increase the bias of linear models transferred to other regions. I
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interpreted this muted effect of sample weighting to be related to the ability for RF and GBM
models to build detailed non-linear representations of relationships between predictor and target
variables, limiting the influence of sample weighting or pre-calibration attempts as the training
dataset grows beyond a few hundred observations. That being said, I did not characterize regional-
scale effects of model weighting, which may be more subtle and relevant to consider for use cases
at regional extents. It is not clear, for example, whether sample weighting may mitigate the need

for regional bias correction following models similar to Hudak et al. (2020).

2.5 FUTURE STUDY

The extension of this study to consider the effects of sample weighting in terms of county-
and larger-scale population estimates would be relatively modest, but important step toward
justifying the use of predictive maps like these for landscape-level planning and monitoring.
Similarly, it seems likely that certain forest structure attributes will be more strongly influenced
by plots of varying sizes, such that a sensitivity analysis into the amount of weight that should be
given to smaller plots be reduced compared to larger plots. Intuitively, both stem counts and
average diameter seem like structure attributes that may be more sensitive to the choice of plot
size than the other structural variables considered in this study, and a preference for larger plots or
incorporation of uncertainty in training data may be worthwhile for improving predictive
performance among small diameter stands and stands with relatively low stem densities.

The combined recognition that growing the number and diversity of training plots appears
to significantly enhance the performance and generalization ability of predictive models seems
well-suited to the application of a semi-supervised approach where lidar-based models could be
applied across entire lidar acquisitions, with satellite-based models subsequently trained based on
the lidar-based predictions. Luther et al. (2019) demonstrated a satellite model trained in this
“indirect” way showed improved performance on a validation dataset compared to a model trained
directly on a smaller dataset containing only the actual field observations. This approach would
also leverage the ability for lidar to provide a more confident estimate of canopy cover than the
application of allometric equations to inventory data, and provide opportunities for satellite-based
models to be trained using a more robust representation of canopy cover samples at both low- and
high-ends of canopy cover that are less commonly collected in inventory plots or reported from

allometric equations adjusted for crown overlap. In addition to increasing the number of training
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samples for satellite-based models by several orders of magnitude compared to direct training on
field observations, this semi-supervised approach also opens up the opportunity to explore sample
weighting more deeply to try and further mitigate prediction biases across the range of forest
conditions.

Finally, most forest structure models developed and presented in the literature to date rely
on models that fail to integrate spatial patterns in forest structure directly into predictions. All the
studies referred to here, and this study as well, have not employed the latest generation of ML
models which have shown some of the most dramatic improvements in both classification and
regression tasks compared to earlier ML algorithms: Convolutional Neural Networks (CNNs).
Recognizing the task of predicting forest structure is fundamentally one that involves patterns
emerging at multiple scales, CNNs and computer vision approaches more generally seem to be
better tailored for this type of modeling problem. CNNs would also appear well-suited for
recognizing issues of varying plot sizes as well, and to models that would allow for methods of
“data augmentation” to account for uncertainty in plot location and co-registration of field
attributes with raster pixels of varying resolutions.

One of the major bottlenecks with fitting deep learning models including CNNs is the need
for large volumes of training data and the need for the processing of data to maintain spatial
relationships. In this study, for example, I summarized all lidar- and satellite-based features into a
single summary statistic for each plot. To employ CNNss, the training data need to be formatted to
allow models to consume images or arrays that explicitly retain spatial variation in the predictor
and target variables. The semi-supervised approach mentioned above to employ predictive models
across lidar acquisitions and then to train computer vision models using satellite imagery may be
well-suited for generating large sample sizes with relatively limited bias in spatial texture. As an
increasing amount of forest inventory data collected by public agencies with imprecisely-located
plot locations is likely to emerge in the future, I also expect the application of small area estimation
techniques such as Fay-Herriot models to be of increasing relevance (Temesgen et al., 2021).
Along with the ability to simultaneously control for biases that may emerge at larger spatial scales,
the potential for area-based models to incorporate variable radius plot data and other common
forms of stand-based inventory data that are likely to outnumber confidently-located plots by

several orders of magnitude represents a significant opportunity for improving multi-scale
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representations in models used to predict forest structure and composition, and our ability to

monitor and learn from forest conditions and dynamics over time.

2.6 CONCLUSION

This study effectively demonstrates the potential for the compilation of diverse public
datasets to meet forest mapping needs for a variety of use cases. In particular, this approach clearly
offers a unique opportunity to deliver actionable information about forest conditions across broad
geographic regions for landowners who have generally benefited the least from recent
advancements in remote sensing, computation, and predictive modeling. This data compilation and
predictive modeling holds the potential to significantly reduce the cost, time, and effort required
to conduct stand examinations and collect inventory data that is often a substantial bottleneck in
the development of forest management plans.

I bolster earlier studies that demonstrate the potential for ML models to generalize
effectively and transfer across multiple regions. As the sample size and diversity of forest
conditions represented in publicly available datasets continues to grow, I expect concerns
regarding domain shift and transferability to be concerns in fewer and fewer use cases. For the
Pacific Northwest, I conclude that a sufficiently large and diverse set of forest conditions have
now been sampled and can be compiled to allow for the development and application of models
across Oregon and Washington by a growing range of forest managers and stakeholders who have
previously been constrained by limited resources or access to collect or analyze remote sensing
and field inventory data. Over time, I expect this transition to increasingly support a strategic shift
towards targeted field measurements to correct models rather than to reinforce fundamental

representations of forest structure and remote sensing attributes.

2.7  SUPPLEMENTARY MATERIALS
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Figure S2.28. Improved predictive performance (Normalized Root Mean Square Error, NRMSE) with increasing training data
for three structure attributes (1 of 2).

The middle line in each box displays the median, the upper and lower edges the 25th and 75th percentiles, and whiskers for 5th and 95th
percentiles. Individual observations outside these ranges are shown as points. For Global and Insider models, each box summarizes five
cross-validation scores across nine ecoregions (45 values); and for Outsider models, each box summarizes nine scores (one Qutsider
model applied to each of nine ecoregions).
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Figure S2.29. Improved predictive performance (Normalized Root Mean Square Error, NRMSE) with increasing training data
for three structure attributes (2 of 2).

The middle line in each box displays the median, the upper and lower edges the 25th and 75th percentiles, and whiskers for 5th and 95th
percentiles. Individual observations outside these ranges are shown as points. For Global and Insider models, each box summarizes five
cross-validation scores across nine ecoregions (45 values); and for Outsider models, each box summarizes nine scores (one QOutsider
model applied to each of nine ecoregions).
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Figure S2.30. Rankings of forest structure predictive models based on mean average percent error.
Each graph displays the average ranking of models based on weighted training data for each combination of algorithm, scope (insider
or global) and source (lidar or satellite) across all ecoregions following Demsar (2006). Models that are not statistically significantly
different from each other are displayed as crossing the same horizontal black bar below the rank scale.
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Figure S2.31. Predictive performance (Mean Absolute Percent Error, MAPE) of lidar- and satellite-based models on three forest

structure attributes (1 of 2).

The middle line in each box displays the median, the upper and lower edges the 25th and 75th percentiles, and whiskers for 5th and

ElasticNet
Lasso

kNN

RF

GBM

95th percentiles. Individual observations outside these ranges are shown as points. For Global and Insider models, each box

summarizes five cross-validation scores across nine ecoregions (45 values), for Visitor models, each box summarizes 72 scores of
algorithms trained in one of nine ecoregions applied in another (for each of nine regions, there are eight Visitor models scored once),

and for Outsider models, each box summarizes nine scores (one Qutsider model applied to each of nine ecoregions).

Page 115 of 225



Quadratic Mean Diameter ] Growing Stock Stem Density Aboveground Live Carbon

I ElasticNet
[ Lasso
I kNN
I RF

—_ N GBM

0\0

EO.S* [}

< *eTe

=

5

3 0.4

-

0.0

1.0

+

1.0 '
‘ ;
0.81 i
+ ¢
4t + + .‘
¢ ¢ 1
. +
(3
’ $81°!
41 + . ¢ 1
et
TN
T b
4
[]
¢

0.81 1
. b
= + H te, ‘
é Y + 4 + +
pay?
E 0.6 1 1
= *
g ¢
= _ L
=04 Y
o
"
0.2 ]
11l
' H H v
visitor outslider insilder glo‘bal visitor outslider insi‘der glolbal visitor outéider insi'der glo‘bal

Figure S2.32. Predictive performance (Mean Absolute Percent Error, MAPE) of lidar- and satellite-based models on three forest
structure attributes (2 of 2).

The middle line in each box displays the median, the upper and lower edges the 25th and 75th percentiles, and whiskers for 5th and
95th percentiles. Individual observations outside these ranges are shown as points. For Global and Insider models, each box
summarizes five cross-validation scores across nine ecoregions (45 values), for Visitor models, each box summarizes 72 scores of
algorithms trained in one of nine ecoregions applied in another (for each of nine regions, there are eight Visitor models scored once),;
and for Outsider models, each box summarizes nine scores (one Qutsider model applied to each of nine ecoregions).
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Figure S2.33. Performance (Normalized Root Mean Square Error, NRMSE) of ElasticNet-GLOBAL and ElasticNet-INSIDER
lidar models across all ecoregions.

These graphs show the scores from five rounds of cross-validation for the ElasticNet Insider and Global models trained from lidar
data and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.34. Performance (Normalized Root Mean Square Error, NRMSE) of ElasticNet-GLOBAL and ElasticNet-INSIDER
satellite models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the ElasticNet Insider and Global models trained from satellite
data and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.35. Performance (Normalized Root Mean Square Error, NRMSE) of LASSO-GLOBAL and LASSO-INSIDER lidar
models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the Lasso Insider and Global models trained from lidar data
and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.36. Performance (Normalized Root Mean Square Error, NRMSE) of LASSO-GLOBAL and LASSO-INSIDER
satellite models across all ecoregions.

These graphs show the scores from five rounds of cross-validation for the Lasso Insider and Global models trained from satellite data
and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.

Page 120 of 225



kNN Lidar Models

Canopy Cover Dominant Height Quadratic Mean Diameter
100%
Scope
Insider
Global

80%

60%

NRMSE

40% ¢ . — - A
20% % TR i t * i { be 1l g } e
0% o ‘ '

Basal Area Aboveground Live Carbon

100%
80%

60%

NRMSE

o-8-0

40% ; 1 e 9 ° . ®
. t THLE I
3 T i g1 8 ) Th I 8
20%
0%
BM WC CR EC KM NC NR PL WY BM WC CR EC KM NC NR PL WY BM WC CR EC KM NC NR PL WV

ECOREGION ECOREGION ECOREGION
Figure S2.37. Performance (Normalized Root Mean Square Error, NRMSE) of KNN-GLOBAL and KNN-INSIDER lidar
models across all ecoregions.

These graphs show the scores from five rounds of cross-validation for the kNN Insider and Global models trained from lidar data and
applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.38. Performance (Normalized Root Mean Square Error, NRMSE) of KNN-GLOBAL and KNN-INSIDER satellite
models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the kNN Insider and Global models trained from satellite data
and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.39. Performance (Normalized Root Mean Square Error, NRMSE) of RF-GLOBAL and RF-INSIDER lidar models
across all ecoregions.

These graphs show the scores from five rounds of cross-validation for the RF Insider and Global models trained from lidar data and
applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.40. Performance (Normalized Root Mean Square Error, NRMSE) of RF-GLOBAL and RF-INSIDER satellite models
across all ecoregions.

These graphs show the scores from five rounds of cross-validation for the RF Insider and Global models trained from satellite data
and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.41. Performance (% bias) of ElasticNet-GLOBAL and ElasticNet-INSIDER lidar models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the ElasticNet Insider and Global models trained from lidar
data and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.42. Performance (% bias) of ElasticNet-GLOBAL and ElasticNet-INSIDER satellite models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the ElasticNet Insider and Global models trained from satellite
data and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.43. Performance (% bias) of LASSO-GLOBAL and LASSO-INSIDER lidar models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the Lasso Insider and Global models trained from lidar data
and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.44. Performance (% bias) of LASSO-GLOBAL and LASSO-INSIDER satellite models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the Lasso Insider and Global models trained from satellite data
and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.45. Performance (% bias) of KNN-GLOBAL and KNN-INSIDER lidar models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the kNN Insider and Global models trained from lidar data and
applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.46. Performance (% bias) of KNN-GLOBAL and KNN-INSIDER satellite models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the kNN Insider and Global models trained from satellite data
and applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Figure S2.47. Performance (% bias) of RF-GLOBAL and RF-INSIDER lidar models across all ecoregions.
These graphs show the scores from five rounds of cross-validation for the RF Insider and Global models trained from lidar data and
applied in each ecoregion. Lines running through the points indicate the mean plus/minus one standard deviation.
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Chapter 3. A reproducible framework to refit Forest Vegetation
Simulator growth equations simultaneously across multiple

ecoregions

3.1 INTRODUCTION

In the context of accelerating environmental change and the emergence of novel
ecosystems, planning and implementing natural resource management and conservation will
increasingly rely on predictive models and a shift away from long-standing reliance on
assumptions of equilibrium; as systems become increasingly chaotic and novel, we expect
predictability to suffer (McKelvey et al., 2021). Consistent with a rising emphasis on actionable
science and research co-production, contemporary ecosystem modeling efforts need to adapt and
be updated frequently, to be more inclusive in seeking out and addressing shifting user concerns
and use cases as they arise, and to better quantify and communicate uncertainty and confidence in
accessible ways (Cash et al., 2003; Kirchhoff et al., 2013; Gerber et al., 2020). It is also critical
that the development of predictive models for ecosystem science and management be pursued in
a way that allows them to be effectively documented and maintained over time, including distinct
cultural and institutional contexts that may be downplayed or overlooked with the growing
emphasis on user-centered design and engineering (Pearman and Cravens, 2022).

A long-standing debate has been waged over the properties and tradeoffs of “process-
based” models that attempt to define fundamental models of ecophysiological processes and
combine them into a structured representation of complex system dynamics and behavior with
“empirical” models that are focused more on capturing statistical correlations between predictor
variables and desirable outcomes with less concern over inference regarding the causal processes
(Korzukhin et al., 1996). In practice, this distinction is increasingly seen as a false choice, as
models that follow either purely process-based or purely empirical approaches are rare. Most
models for forest ecosystems, particularly those that are widely used for natural resource planning
and management, tend to incorporate ecophysiological principles where feasible following a
“hybrid” approach, recognizing the challenges for users to access and employ data on critical

ecophysiological drivers, (Korzukhin et al., 1996; Landsberg, 2003; Weiskittel et al., 2009; Adams
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et al., 2013). As computational and statistical advances have been made, Bayesian approaches to
analysis have become more accessible and effective, and these methods are being increasingly
adopted to more intuitively quantify and communicate uncertainty in forecasting models using
stochastic and probabilistic approaches (van Oijen, 2017; Wilson et al., 2019; Cailleret et al., 2020;
Heilman et al., 2022).

The Forest Vegetation Simulator (FVS) is a widely used growth-and-yield model
developed and maintained by the US Forest Service (USFS) (Crookston and Dixon, 2005; Dixon,
2020). FVS is commonly employed as a decision-support tool for forest planning and management,
and as a research tool for forest science, policy development, and assessment. FVS is one of a
small set of models that have been explicitly authorized for use in several forest carbon offset
standards, and has subsequently seen wide use across the United States for this purpose. Examples
of FVS applications include fire management (Fulé et al., 2004; Finney et al., 2007; Fried et al.,
2017), economic analyses (Renner and Martin, 2002; Gilmore, 2003; Diaz et al., 2018), climate
mitigation and adaptation potential (Bagdon and Huang, 2014; Galvez et al., 2014; Tarancon et
al., 2014; Diaz et al., 2015; Sanchez Meador et al., 2015; Hoover et al., 2021), habitat assessment
(Maffei and Tandy, 2002; Zielinski et al., 2010), insect and disease dynamics (Atkins and
Lundberg, 2002; Roberts, 2002; Russell et al., 2015), tradeoffs of ecosystem service provision
with services under competing management scenarios (Schroder et al., 2016), and even auction
approaches attempting to monetize ecosystem services (Toth et al., 2010; Rabotyagov et al., 2013).
In Oregon and Washington, FVS is the growth-and-yield model employed by state forestry and
natural resource departments and federal agencies such as the USFS and Bureau of Land
Management (BLM), influencing silvicultural decision-making and forest planning across more
than 60% of Oregon forests and more than 50% of Washington forests.

Despite the fact that FVS developers have prescribed a framework for research applications
of FVS to document their use of the software (Anderson et al., 2020), encouraged users to
investigate the model’s fit prior to adopting it for policy analysis or decision-support
(Vandendriesche, 2010), and several illustrative examples of calibration and validation have been
published (e.g., Shaw et al., 2006; Russell et al., 2013; Bagdon et al., 2021), many policy analyses
and applications of FVS continue to employ FVS with default settings “out of the box”. A
particular concern that has arisen in recent years are repeated findings in multiple regional variants

of FVS that simulations run with default settings often show substantial and systematic biases to
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overestimate forest growth (Canavan and Ramm, 2000; Froese and Robinson, 2007; Pokharel and
Froese, 2008; Diaz et al., 2018; Herbert et al., 2023). Left unaddressed, systematic biases that
overestimate growth and/or underestimate mortality have the potential to translate into highly
misleading analyses used in policy and management decisions regarding timber volume and value,
the potential for carbon sequestration to mitigate climate change, and forest resilience or

adaptability to climate change.
Model fitting and calibration

FVS regional variants (see Figure 3.1) have traditionally been developed by fitting species-
specific growth and mortality equations to remeasured plots within the intended footprint of the
variant. Remeasured plot data have come from a variety of sources including silvicultural
experiments and long-term research sites maintained primarily by USFS and in some cases based
on timber industry research cooperatives. The proliferation of alternative model forms used for

growth and mortality functions for different species and different regions without clear

[J FVS Variant boundaries
FVS Location boundaries

Figure 3.1. FVS Variants and Locations across CONUS

Across the contiguous United States, FVS software is released in 19 geographically distinct
“Variants”. 15 of FVS'’s total 19 Variants occur across 17 states in the US West. Sub-regional
“FVS Locations” are delineated with light gray lines. Within each FVS Variant, growth,
mortality, and allometric equations may be distinct for a tree species among FVS Locations.
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justification or documentation can be seen as a form of “technical debt”, where a series of small
tweaks and customizations to independent branches of the software accumulate over time and
require a more time-consuming refactor and analysis to replace and maintain. Comments in FVS
source code indicate that some growth and mortality routines were originally developed using
observations exclusively from other regions from where they are being applied, and that many
routines have not been revisited in several decades as larger and more robust datasets have become
increasingly available.

The large tree diameter growth equation employed in the Pacific Northwest Coast (PN)
Variant of FVS allows up to 18 non-intercept terms, though most individual species utilize only
11-14 (Keyser, 2017). Comments in FVS source code for diameter growth prediction in the PN
Variant® indicate coefficients for major species including Douglas-fir, Western redcedar, and
Western hemlock were last updated in 1996, and that coefficients for some species (e.g., Ponderosa
pine and Jeffrey pine) are copied from models fit exclusively to observations of these trees in other

regions.
Software development and maintenance

FVS is a suite of regionally tailored open-source software programs, with source code
primarily written in Fortran 77. While FVS source code was published on SourceForge for many
years and recently migrated to GitHub (USFS FMSC, 2023), the development of FVS has
generally been confined to a small team of USFS employees, with notable exceptions including
development of regional variants in Ontario (Woods and Robinson, 2008) and in the Acadian
region of the northern Maine and New Brunswick, Canada (Weiskittel et al., 2017). In light of the
broad user base and significant impacts that the use of FVS shapes in public and private forests of
North America, collaborative or community development following patterns demonstrated in a
variety of other widely-used open-source software programs for scientific computing remains an
alluring but unmet opportunity. The research reported in this dissertation chapter included direct
consideration of three of the top five priorities identified recently by the Forest Carbon Modeling

Group: increasing the diversity of forest conditions against which FVS is fit and calibrated for

? https://github.com/USDAForestService/ForestVegetationSimulator/blob/main/pn/dgf.f
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(#1); dynamically calibrating FVS against the FIA dataset (#2); and enabling more robust
propagation of uncertainty (#5) (see Table S3.10).

A substantial set of model validation protocols for FVS were published more than ten years
ago (Cawrse et al., 2010). However, subsequent efforts to recalibrate individual model components
or regional variants of FVS are not consistently accompanied with published documentation
(whether in the form of developer documentation, user guides, or scientific articles) demonstrating
compliance with those protocols. As a result, many users and stakeholders of analyses completed
using FVS software are left with relatively poor insights or intuition regarding how well the model
should be expected to fit or reproduce the conditions or trends that may be found in the best
available data or how well the model conforms to scientific principles of forest ecology and
management sciences.

The limited implementation of unit testing and continuous integration systems is also a
substantial hurdle that will need to be overcome to allow the potential for community support and
maintenance of FVS software. There is a strong reliance on users to identify bugs that might
otherwise be picked up through unit testing or functional testing. Test suites for unit or functional
testing are essentially absent from the codebase. Although it is common for community-supported
projects to require contributors to develop unit tests to correspond with new contributions of source
code, a testing framework needs to be in place to allow this.

As the FVS team begins refitting some of the underlying equations for tree growth and
mortality in regions across the western US (Michael Van Dyck, personal communication), it is my
hope that the approach presented here offers useful steps towards the establishment of a robust and
reproducible framework that will allow regional FVS models to be updated more frequently,
consistently, and to be more easily maintainable as a steady stream of forest observations continue

to emerge from the national network of the Forest Inventory & Analysis (FIA) program.
The FIA program as a robust and consistent data stream for calibrating FVS

The absence of shared datasets to benchmark models has not only translated into a lack of
reporting of model performance as new versions of FVS software are released, but also limited the
potential for developers to identify the strongest drivers of structural uncertainty or bias and

contribute improvements to these models. The adoption of a benchmarking dataset and suite of
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metrics and indicators used to evaluate model performance would offer significant benefits for
model documentation and a proving ground to evaluate and justify community contributions.

Following the nationwide adoption of a consistent sampling framework and
implementation beginning in 1999, measurements collected through the extensive network of FIA
plots have rapidly accumulated and offered an unprecedented level of detail from which forest
conditions and dynamics may be observed. Although the FIA sampling protocol was not primarily
designed with growth-and-yield calibration in mind, its use in FVS has been increasingly
facilitated and encouraged, including the release of FVS-ready data tables alongside raw FIA data
(Shaw and Gagnon, 2020a).

The unbiased sample design, volume of data collected, and consistent formatting and
ongoing public releases of FIA data provide a unique opportunity for data reflecting the full
diversity of contemporary forest conditions and dynamics across US forests to be adopted as the
primary source for model fitting, calibration, and benchmarking. Additional measurements are
occasionally included in FIA samples, such as collection of tree cores for dendrochronological
analysis and observation of additional soil attributes, increasing the potential for data-driven
improvements to models of forest growth, mortality, and natural regeneration with the addition of
down-scaled climate data. Although the FIA dataset may not provide the same degree of precision
for tracking tree-level incremental growth and mortality as datasets collected from silvicultural
trials and experimental/research forests due to the revisit frequency of FIA plots (10 years in
Oregon and Washington, shifting to 5 years in California), the number of independent samples and
diversity of forest and environmental conditions reflected in the FIA dataset suitable for growth-
and-yield modeling is currently unmatched by any other program that releases data to the public.

Across coastal and western regions of Washington, Oregon, and California, FVS
documentation reports sample sizes and data sources originally used to fit diameter growth models
or “species relationships” (FVS Staff, 2022a, 2022b, 2023a), except for the Inland California and
Southern Cascades (CA) FVS variant, which does not report sample sizes (FVS Staff, 2023b). The
sample data used previously to train FVS models came from several surveys of National Forests,
Bureau of Land Management forestlands in Oregon, and a survey by the Bureau of Indian Affairs
of the Quinault Indian Reservation. The most recent source of inventory data in the Westside
Cascades (WC) FVS variant is from 1987. The most recent source of inventory data in the Pacific

Northwest Coast (PN) variant is the Quinault inventory from 1992. The dates of the inventory data
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used in the Klamath Mountains (NC) FVS variant are not reported, but include samples from four
National Forests, the Hoopa Indian Reservation, and Simpson Timber Company.

The FIA program provides a volume of data that outpaces previous datasets used to fit
FVS, and offers numerous qualities that make it well-suited for benchmarking and refitting FVS
models. In the last round of plot remeasurements alone, FIA observations within the scope of each
FVS regional Variant has outpaced the sample size used by the FVS team for fitting existing FVS
Variants for most of the tree species for which new models were fit in this study (see Table 3.1).
The data from remeasured FIA plots have all been collected within the past 10 years, representing
a recent snapshot of contemporary forest dynamics. FIA also provides a design-unbiased sample
of forest conditions across public and private lands. In contrast, the data that were available at the
time and used to fit most current FVS growth models is biased very strongly to National Forests,
and on inventories that were all conducted more than thirty years ago. In the context of
observations of declining diameter growth based on tree ring records analyzed across FIA plots
across the southwestern USA (Klesse et al., 2018) and increasing mortality in western US forests
(van Mantgem et al., 2009), it seems clear that more frequent model recalibration than has been
historically the case for FVS models may be desirable to better capture contemporary forest growth

and mortality expectations.
Recognizing and propagating uncertainty in models

FVS is generally used in a deterministic mode, with individual simulations run for each
management scenario of interest. Error and uncertainty that are introduced through inventory data
collection, imputation of data that are commonly missing from some inventory records (e.g., crown
ratios and tree heights), the application of several regression equations to predict growth and
mortality, and the use of biometric equations to derive estimates of crown area, canopy cover,
canopy layering, fuel loading, as well as volume and biomass, are essentially ignored. In the case
of FIA data, we can benefit from the fact that all the tree-level variables required by FVS to
simulate growth and mortality (DBH, tree height, and crown ratio) are reported for all live trees.
Explorations of the sensitivity of biometric equations used in FVS have indicated this component
of structural model uncertainty alone may dominate the uncertainty in assessments of tradeoffs in

timber and carbon volumes and values (Fischer et al., 2017).
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Table 3.1. Samples sizes of trees used to fit current FVS models and from FIA data used
for refitting models in this study

FVS REGIONAL VARIANTS
SPECIES R5 + R6
wC PN WC+PN NC

Common Name FVS FIA FVS FIA FVS FIA FVS FIA FIA
Douglas-fir 17,250 15,649 | 10,098 10,155 | 27,348 25,804 | 6,502 3,783 44,004
Ponderosa pine 432 293 432 2 432 295 389 103 19,439
Western hemlock 5,008 6,288 | 3,931 3,571 | 8,939 9,859 NA 130 10,926
White fir 1,044 891 1,044 1 1,044 892 297 179 7,474
Pacific silver fir 3,878 4,114 622 373 4,500 4,487 NA 0 5,511
Mountain hemlock 3,019 1,836 | 3,019 54 3,019 1,890 NA 7 4,069
Western redcedar 1,354 1,567 | 1,171 751 2,525 2,318 NA 4 3,134
Canyon live oak NA 8 NA 2 NA 10 NA 442 2,555
Tanoak 1 5 1 0 1 5 2,376 1,961 2,252
Red alder 125 527 1,369 1,189 | 1,494 1,716 NA 50 1,796
California black oak NA 68 4 4 4 72 198 285 1,607
Pacific madrone 70 190 70 65 70 255 467 478 1,432
Coast redwood 0 0 0 0 0 0 * 1,405 1,405
Bigleaf maple 89 424 89 527 89 951 NA 100 1,205
Noble fir 1,555 976 1,555 20 1,555 996 NA 1 1,114

Notes: This table displays the number of samples (individual trees) used in model fitting.
Values reported for FVS PN and WC Variants indicate those used for fitting large tree
diameter growth model. Documentation of the FVS NC Variant describes these as “samples
used to fit species relationship” and may or may not represent diameter growth samples.
“NA” indicates that a species is not represented in that FVS Variant. Shaded cells indicate
samples are not limited to the geographic extent of a single FVS Variant. RS + R6 indicates
all samples collected from USFS Regions 5 and 6 (California, Oregon, and Washington). *
The FVS NC Variant recognizes coast redwood models were incorporated in 2021, but does
not document a sample size or source for inventory data.

Particularly in the context of modeling forest dynamics under a changing climate,
researchers will reasonably be concerned with how much uncertainty in climate-affected forecasts
are related to model parameterization, and how much is related to climatic change. Research into
a probabilistic forest modeling system in the Pacific Northwest led researchers to note markedly
different predictions between deterministic and probabilistic models fit using the same model
structure (Wilson et al., 2019). Recent research exploring the addition of climatic effects to FVS
growth models and fitting models using diameter tape and increment measurements has also
illustrated the utility of a Bayesian approach to quantify, partition, and propagate uncertainty
(Heilman et al., 2022). Although I did not seek to perform a detailed sensitivity analysis or

portioning of model uncertainty in the current study, it is worth pointing out the inherent power
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and utility for Bayesian modeling to intuitively describe uncertainty in model parameters and the

potential for capturing hierarchical relationships.
Learning across ecoregions

I suggest the persistence of the architecture of FVS following numerous independently-
calibrated regional variants is an artifact of historical irregularity in data availability for model
fitting regional models rather than an intention to treat forest dynamics in neighboring ecoregions
as if they were independent processes. This is further supported by the presence of comments in
FVS source code indicating that parameters for certain species’ growth or mortality equations have
been directly copied from other regions. The recognition that processes governing tree growth and
mortality across an individual tree species’ range are not independent leads directly to the
conceptual framework offered by multi-level or hierarchical models. Multi-level or hierarchical
models approach the issue of fitting parameters across multiple groups in a way that reflects their
relatedness and represents an alternative to modeling approaches that ignore group differences
(“fully pooled”) or that treat groups as if they were completely independent (“unpooled”) (see
Figure 3.2),

Fully Pooled Model Unpooled Model Partially Pooled Model
parameter 9 parameters HJI 9]2 elk hyper-parameters Hy 0'2
observations Y1 Yo o Yik observations Y1 Yo . Yp Carameters 01 92 Gk
observations Y1 Ya o Yp

Figure 3.2. Hierchical models as a partial pooling of parameters across related groups
For each of k groups, fully pooled models use a single set of parameters to estimate
observations from all groups. Unpooled models use k independent parameters to estimate
observations from each of the k groups. Partially pooled models define parameters for each of
k groups as being drawn from a shared distribution among groups. Adapted from Chris
Fonnesbeck, CC-BY-3.0 10,
https://www.pymc.io/projects/examples/en/latest/case_studies/multilevel modeling.html

The traditional pattern of FVS model calibration is best described in these terms as an
unpooled approach. Parameters for a given equation within a regional Variant of FVS are

traditionally fit to observations of trees and forests only from that region, with each regional

10 http://creativecommons.org/licenses/by/3.0
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Variant being treated as a completely independent model. This is the most flexible approach to
modeling, and may still be effective particularly for species and regions where many observations
are available that also correspond to the conditions under which the model will be applied by users
to make predictions. However, in regions where individual species are rare, this approach
commonly leads to lumping together of species as “other softwoods” or “other hardwoods”.
Bayesian hierarchical models offer several potential advantages relative to the traditional
FVS fitting approach of using unpooled regional parameters. A hierarchical model form can
leverage a larger dataset gathered across multiple ecoregions, based on the assumption that there
is meaningful information about the process that can be learned across ecoregions (i.e., that the
process of diameter growth in each ecoregion is not independent of other ecoregions). The
hierarchical approach allows the model to leverage or “borrow strength” from observations in
ecoregions with numerous observations to inform parameters in ecoregions with few observations.
From a practical perspective of maintaining a software package, the potential to consolidate
numerous regional variants into a system that offers broader geographic coverage for a larger
number of species while also retaining localized parameters would significantly reduce the effort
to refit and debug models over time. This utility would also be clearly beneficial to users interested
in applying the model across diverse forest conditions without facing the current likelihood of

discrete shifts in model performance when FVS is applied across ecoregion boundaries.
Primary research hypotheses explored

This chapter explores how the distribution of FVS-ready formats of FIA data can be
leveraged to develop a reproducible open-source analytical pipeline to refit equations used in FVS
in transparent and reproducible way as new FIA data are collected and released. I focused in
particular on re-fitting the large tree diameter growth equation for several tree species across
coastal Oregon, Washington, and California, but developed this workflow with the intent that it
would be extensible to other equations, and across broad geographic extents.

In the interest of developing a multi-regional model-fitting approach that is easier to
maintain, interpret, and eventually extend to include climatic drivers, I conducted four primary
tests or sets of model comparisons in this study. First, I evaluated whether a single pair of variables
for tree-level competitive status and stand-level competition could be adopted across all locations

and ecoregions without compromising predictive performance. Then, I evaluated whether the full
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set of terms currently employed in the Wykoff diameter growth model could be reduced without
affecting predictive performance. Third, I investigated whether fitting the diameter growth model
using a hierarchical approach alters predictive performance compared to the unpooled approach.
And finally, I compared how the predictive performance of refitted models compares to estimates
of diameter growth produced by the current public version of FVS.

I expected that the variety of FVS diameter model parameterizations among regions and
species could be consolidated and simplified substantially without reducing model performance. I
expected the adoption of a hierarchical model form would allow models to be fit using a more
comprehensive set of observations without showing any substantial declines in predictive
performance compared to the unpooled model form. I also expected that the newly refit diameter
growth equation would show substantial improvement and a reduction in systematic biases
observed in FVS models currently in use. If these three expectations are satisfied, I anticipate a
much more straightforward approach to recalibrate FVS could be adopted on a recurring basis
using FIA data. This would also enable the extension of these models to incorporate climatic

drivers across multiple ecoregions.
3.2 METHODS

Terminology and levels of spatial representation

In this study, I considered drivers of forest growth across multiple spatial scales. The
reasoning behind each of these methodological choices is included further below. The largest
spatial scale at which drivers of diameter growth are modeled is the scale of an FVS Variant. In
this study area, FVS Variants are similar in geographic extent to EPA Level III Ecoregions.
Zooming in a bit further, FVS Locations divide the landscape of Variants into smaller areas based
primarily on proximity to the nearest National Forest. The finest level of spatial representation
occurs at the scale of FIA Plots and subplots. The terms “FVS Variant”, “FVS Location” and “FIA

Plot” are used consistently throughout this study to refer to these geographic scales.
Data for model building and assessment

I focused effort on demonstrating this model-fitting workflow with attention to the most

abundant tree species observed in coastal temperate forests from northern California up through

Page 143 of 225



Washington state. This covered four regional Variants of FVS: Pacific Northwest Coast (PN),
Westside Cascades (WC), Inland California and Southern Cascades (CA), and Klamath Mountains
(NC). FIA data were gathered to cover the six most abundant tree species observed in each of these
regions, resulting in 15 distinct tree species (see Table 3.). The geographic distribution of the FIA
plots used in this study are shown in Figure 3.3.

I excluded FIA plots where no live trees were observed, as well as any plots within which
a fire, geologic, or harvest disturbance was recorded between visits. I excluded these plots based
on the expectation that FVS users might reasonably be expected to explicitly call for the inclusion
of a fire or harvest event as part of a growth-and-yield simulation, and that geologic disturbances
such as landslides and avalanches do not represent common occurrences a forest manager should
expect to be factored into their growth-and-yield projections.

After eliminating plots subject to fire, harvest, or geologic disturbance, I intentionally
retained plots where disturbances included damage or mortality due to insects, animals, disease,
drought, and wind. I made this choice considering most forest modelers using FVS are unlikely to
have information about these disturbances recorded in their forest inventory data, and that the
effects of these types of disturbances may be difficult or impossible to model confidently in an
FVS simulation. These types of disturbances commonly occur in managed forests and may
substantially affect model bias (Glasby et al., 2019), although efforts to address these disturbances
explicitly through additional inventory or modeling are very uncommon in practice. I therefore
considered the inclusion of disturbances like these in training data to be an important strategy to
avoid systematic overestimation of growth (and underestimation of mortality) that is traditionally
described as inventory “falldown” (Bruce, 1977), or even as modeler “fall-up” when growth-and-

yield models are calibrated using more “pristine” forest research plots.

Page 144 of 225



Map Elements

¢ FIAPlots Included
[ Focal FVS Variants
(] FVS Variant Boundaries
[ ] FVS Locations Included
[ ] FVS Location Boundaries

FVS Variant Codes

AK = Southeast Alaska

and British Columbia
BM = Blue Mountains
CA = Inland California

and Southern Cascades
CI = Central Idaho
CR = Central Rockies
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PN = Pacific Northwest Coast
SO = South Central Oregon
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UT = Utah
WC = Westside Cascades
WS = Western Sierra Nevada

Figure 3.3. Layout of FVS Variants, Locations, and FIA Plot Data
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Figure 3.4. FIA plot layout with multiple conditions mapped across subplots

The delineation of three distinct forest conditions is shown across the four-subplot layout of
each FIA plot.

FVS was originally conceived as a stand-level growth-and-yield model. Translating data
from the FIA sampling design into FVS is commonly approached where the inventory data
included for each “stand” follows one of three scopes: i) FIA “conditions”; ii) FIA plots, with
multiple distinct subplots included; and iii) individual FIA subplots (Shaw, 2009; Shaw and
Gagnon, 2020b, 2020a). FIA conditions (see Figure 3.4) are the most faithful representation of the
stand concept (or whole FIA plots that occur within a single condition). However, in this study [
opted to utilize the subplot as the inventory unit. Any subplot with remeasured live trees that wasn’t
excluded due to disturbances was used, regardless of the forested proportion of the subplot or

number of forested subplots within each FIA plot. I made the choice to use subplots as the spatial

Page 146 of 225



scale for modeling growth anticipating the eventual application of FVS using inputs of inventory
data derived from remote sensing, where correlative or generative models are employed to impute
or synthesize inventory data in each pixel of a raster with pixel sizes commonly set to correspond
to inventory plot sizes. This allows for forest edges and ecotones to be reflected in the design of
the training data, but also comes with an expected cost of increased variation.

Finally, the last filter of the data involved limiting observations to those of trees recorded
ten years apart. This is due in part to the intended fitting and application of the diameter growth
model to predict five-year diameter increments, and to avoid complications involved with fitting
a fully-annualized growth model or extrapolating the small proportion of measurements collected
off the intended 10-year remeasurement cycle to an assumed 10-year-equivalent.

FIA data for each remeasured subplot was then prepared and augmented with calculations
of tree-level attributes required as covariates for candidate diameter growth models, such as basal
area of larger trees and relative height, as well as “stand”-level variables such as total live tree
basal area and crown competition factor. Total heights for trees without field-measured heights
were imputed using height-diameter regression equations fit to trees observed within each FVS
Location (smaller geographic areas within each FVS Variant roughly corresponding to the nearest
US National Forest). A hierarchical model using a Chapman-Richards functional form was fit
using up to 5,000 samples of each species across all locations and used to impute heights for trees
without recorded heights. More detail on the height imputation modeling is provided in
Supplementary Materials.

Data from all repeatedly measured trees on eligible subplots were gathered and pre-
formatted for model training and validation. Although these modeling efforts and interpretation
were focused on a subset of this region, I gathered data from all eligible FIA plots across
California, Oregon, and Washington. This included trees observed outside the four focal
ecoregions or FVS variants. This choice was intended to help illustrate the potential for fitting a
hierarchical version of the FVS diameter growth model capable of borrowing strength across
ecoregions (described in greater detail further below).

Trees with recorded DBH decreases greater than the FIA program’s Measurement Quality
Objective for DBH measurement error (0.1 inches of measurement error tolerated per 20 inches of
DBH) were excluded from the analysis. For the fifteen tree species for which diameter growth

models were re-fit, the number of individual trees available for model-fitting ranged from just over
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Table 3.2. Repeatedly measured trees used for model training and evaluation

SPECIES FVS REGIONAL VARIANTS

Common Name wC PN SO EC BM CA NC WS 1IE Total
Douglas-fir 15,649 10,155 303 5614 3318 3490 3,783 889 803 | 44,004
Ponderosa pine 293 2 8315 2,099 6,057 1,023 103 1,078 469 19,439
Western hemlock 6,288 3,571 20 699 -- 30 130 -- 188 10,926
White fir 891 1 2,706 4 329 1,267 179 2,097 -- 7,474
Pacific silver fir 4,114 373 88 932 4 -- -- - - 5,511
Mountain hemlock 1,836 54 1,022 690 8 83 7 360 9 4,069
Western redcedar 1,567 751 - 338 - 9 4 - 465 3,134
Canyon live oak 8 2 -- -- -- 1,470 442 633 -- 2,555
Tanoak 5 -- -- -- -- 198 1,961 88 -- 2,252
Red alder 527 1,189 -- 13 5 12 50 -- -- 1,796
California black oak 68 4 37 - - 637 285 576 - 1,607
Pacific madrone 190 65 - - - 688 478 11 - 1,432
Coast redwood - -- - - - -- 1,405 - - 1,405
Bigleaf maple 424 527 -- 30 -- 98 100 26 -- 1,205
Noble fir 976 20 10 103 1 2 1 -- 1 1,114

Notes: The six most abundant species in each of the four focal ecoregions are shown with tinted
cells. Each cell displays the count of unique live trees with repeated observations of DBH
available for modeling.

1,000 to as high as 44,000 (see Table 3.). For Ponderosa pine and White fir, the number of samples

from FVS variants outside the four focal ecoregions where I refitted models were larger than the

sample size within the four focal regions.
The Wykoff process model for diameter growth

The primary conceptual foundation for FVS diameter growth modeling across western US
variants can be found in an equation proposed by Wykoff (1990), which models individual tree
basal area increment as a function of the tree’s starting diameter, site-level biophysical variables,
and indicators of tree- and stand-level competition. To be more precise, many of FVS’s regional
variants model the natural logarithm of the periodic change in squared inside-bark tree diameter

(dds) following this general functional form:

In(dds,) = SIZE, + SITE + COMP, 3.1)

where SIZE, SITE, and COMP are determined by the following equations. The effect of SIZE
was based on the tree’s starting diameter at breast height (dbh):

SIZE, = b, In(dbh,) + b,dbh? (3.2)
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SITE was calculated from one or more intercept terms that reflect a forest’s location and/or habitat

type, insolation or exposure derived from a site’s slope (SL) and aspect (ASP), and elevation (EL):
SITE = by + b3SL[sin(ASP)] + bySL[cos(ASP)] + bsSL + bgSL? + b,EL + bgEL?
(3.3)

Competitive effects (COMP) were determined from a tree’s live crown ratio (CR), a stand-level
indicator of total competition known as crown competition factor (CCF) and the stand basal area
in live trees larger than the tree being modeled (BAL):

COMP, = byCR; + b;,CR? + by,CCF, + b,,BAL, (3.4)

These models are generally deployed in FVS to predict diameter growth at five- or ten-year

timesteps. In this study, I adopted a five-year prediction interval.
Interpolating predictor variables between field observations

I fitted the diameter growth model as a recursive function, iteratively predicting inside-
bark dds at each timestep, which was translated into an estimate of outside bark diameter growth
and used to calculate DBH at the end of the timestep. The predicted DBH at the end of each
timestep was used as an input for SIZE effects in subsequent timesteps. This series of conversions
is provided below.

I first utilized the following equation to calculate diameter inside bark (DIB;) from
diameter outside bark (DBH,) at the start of the growth period:

DIB; = ay + a;DBH,? (3.5)
where a,, a;, and a, are bark ratio coefficients defined in the documentation of each regional FVS
Variant. After calculating In(dds;) following Equation 3.1 and exponentiating it, the change in
squared inside-bark diameter dds; and estimate of diameter inside bark at the end of the five-year

timestep were calculated as:

DIB,,s = +/DIB? + dds, (3.6)

From the estimated diameter inside bark at the end of the five-year timestep, diameter outside bark

at the end of the timestep was calculated as:

1
DIBt+5—a0) /aZ
a

DBHy.s = ( (3.7)
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With estimates of DIB and DBH at both the beginning and ending of each time-step, inside-
bark and outside-bark diameter growth were calculated as the difference between DIB or DBH at
the start and end of the timestep. Incremental radial growth was estimated as half of incremental
diameter growth.

Following examples demonstrated by Cao (2000, 2004) and Weiskittel et al., (2007), I
utilized linear interpolation to estimate intermediate values for covariates that evolve over time at
timesteps where no field measurements were made. Although these earlier examples utilized this
approach to move to annualized versions of growth and mortality equations from periodic
observations, I employed the same general approach to estimate variables included in COMP fixed
effects such as crown ratio, and tree- and stand-level competition variables at the five-year
timestep. This allowed the growth model to be fit to individual trees without needing to carry
forward all trees simultaneously to estimate changes in plot- or stand-level stocking variables and
avoids the need to employ another regression model to predict changes in crown ratio at each

timestep.
Mixed effects modeling

For each tree species within a particular FVS variant, ~12-15 variables are commonly used
to predict diameter growth. Several alternative covariates are employed for tree- and stand-level
competitive effects across FVS variants, and Site Index is occasionally incorporated as an
additional covariate in the estimate of SITE effects. The covariates used within each FVS Variant
differ among tree species, and the covariates used for a single species also commonly differ across
FVS variants.

In addition to non-intercept terms used to describe fixed effects of tree SIZE, SITE, and
COMP, I extended the Wykoff model form to add random effects at the levels of FVS Location
and FIA plot. To be clear, while I fitted models to trees with competition indicators based only on
trees within a single FIA subplot, I assigned a random effect at the scale of the FIA plot, which
covers multiple FIA subplots. Random effects for FVS Location and FIA plot were fit using a
sum-to-zero constraint to avoid non-identifiability (solution #2 identified by Ogle and Barber,
2020).

Simultaneously fitting these models across data from Washington, Oregon, and California,

which span multiple FVS variants, I generated distinct intercept (b,) and covariate coefficient (b,
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- by3) parameters for each FVS variant. The intercept terms (b,), along with random effects terms
€1oc and &,14¢ capture variation unexplained by the covariate coefficient parameters (b, - by3) at

the spatial scales of FVS Variants, FVS Locations, and FIA plots, respectively.
Candidate models evaluated

There are two general model forms that I evaluated, which I refer to as “FULL” and
“SIMPLE” Wykoff models. The FULL models incorporated 13 non-intercept terms, with the
addition of a term for site productivity (MAI) added to the fixed SITE effects described above.

That is, the form I investigated for the “Full” model was:
In(dds.) ~N(SIZE; + SITE + COMP; + €10c + €p10t> Ewyk ) (3.8)
SIZE; = by In(dbh,) + b,dbh? (3.2)
SITE = by + bsMAI + b,SL[sin(ASP)] + bsSL[cos(ASP)] + bgSL + b;SL? + bgEL + boEL?
(3.9)
COMP; = by4CR; + by1CR? + by,STAND_COMP; + b,sTREE_COMP, (3.10)

Where: g, and &y, are random effects at the scale of the FVS location and FIA plot,
respectively; &, 18 the standard deviation of process error in the Wykoff model (Eq. 3.1), which

is assumed to be normally distributed; MAI is potential Mean Annual Increment of cubic volume;
STAND_COMP is a placeholder for one of three alternative stand-level competition variables, and
TREE_COMP is a placeholder for one of three alternative tree-level competition variables. The
model form employed in most FVS variants utilizes Site Index instead of MAI. Due to the wide
variation in site species and base ages used in the FIA program to calculate site index across these
regions, I calculated MAI from Site Index following Hanson et al. (2002) to provide a more
consistent representation of site productivity across the study area than would be possible using
Site Index values based on multiple site species and base ages.

For the “simplified” form of the Wykoff model, I dropped terms b4, bs, b7, be, and b1 from
the “full” model, removing fixed effects intended to capture topographic exposure and quadratic
terms for SL, EL, and CR.

Although publicly-available versions of FVS occasionally utilize more than one variable

for tree-level and/or stand-level competition effects, I opted to limit model selection to permit only
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one variable for each of these fixed effects to improve model interpretability. For tree-level
competition variables, I considered models using one of three alternative covariates. The first two
options of covariates to indicate tree-level competitive status were basal area of trees larger than
the modeled tree (BAL) and the height of the target tree in relation to the height of dominant trees
(RELHT), which FVS caps at a value of 1.5. A third option to describe tree-level competition term
operates effectively as an interaction with tree size: the basal area of larger trees divided by the
natural log of the target tree’s DBH plus one (i.e., BAL / In(DBH + 1)), referred to in the remainder
of this study using the code BALLNDBH. For stand-level competition variables, I considered
models using one of three alternative covariates: total basal area of live trees (BA), the natural log
of BA (LNBA), or Crown Competition Factor (CCF) as defined by Krajicek et al. (1961) and
calculated at the scale of the subplot using existing FVS equations for each species and variant.
To identify the various candidate models in this study, I refer to the combinations of model
form (full or simplified), to the tree-level competition variable, and the stand-level competition
variable: FORM-TREE COMP-STAND COMP. For example, SIMPLE-BAL-BA model refers
to the simplified version of the Wykoff model fitted using BAL for the tree-level competition
variable and BA for the stand-level competition variable. For each of the full and simplified
models, there are nine combinations of tree- and stand-level competition variables to choose from,

leading to a total of eighteen models (nine FULL and nine SIMPLE) that will be compared.
State-space modeling using diameter and increment observations measured with error

In most of the western USA, FIA plots have been revisited on a 10-year target frequency.
For the vast majority of trees on remeasured FIA plots, diameter growth can only be inferred from
the change in DBH between two distinct field measurements. In addition to DBH measurements
collected using a diameter tape, a subset of trees also have radial growth measured using increment
cores, which are reported in terms of five- and ten-year observed radial increments. It is important
to note that these increment cores are not collected for or subject to precise dendrochronology
analyses in a lab setting, and are not expected to be as precise as similar studies which have
employed tree ring records in addition to inventory diameter measurements.

Employing estimates of measurement error based on Measurement Quality Objectives
defined by the FIA program, I incorporated two sources of observation error using a Bayesian

errors-in-variables approach. Combined with the recursive use of predicted diameter growth as an
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input to subsequent predictions, the modeling approach adopted here employed a Bayesian State-
Space framework that is conceptually similar to previous work by Clark et al. (2007), Schliep et
al. (2014), and Heilman et al. (2022). An overview of the Bayesian State-Space Model is illustrated
in Figure 3.5.

Unobserved* " Wykoff . Wykoff R ' \
ces DBH, process model D BI-_Iy process model @H 10
L )
J
|
DG %

Iy

DBH
Observation Observation
Model Model

v v
Observations
Qbenor] DBH, DBH;, /

Figure 3.5. Illustration of the Bayesian State-Space model

The evolution of the hidden state (DBH) is governed by the Wykoff process model. The
predicted future states of DBH are conditioned on FIA measurements using the DBH
observation model. The predicted incremental growth from years 0-10 and from years 5-
10 is conditioned on FIA measurements of radial increment on the subset of trees where
this data was collected using the DG observation model.

The State-Space modeling approach utilizes two distinct types of models: a process model
that describes a “true” but not fully observed state, and an observation model that relates the
observations measured with error to the true state. The true tree diameter at breast height at any
given time ¢, is denoted as DBH; . I defined DBH; to be conditionally dependent on measurements
using a normal probability distribution with mean DBH; and standard deviation of 0.01 X DBH;.

I describe this as the DBH observation model:
DBH; ~ N(DBH,, 0.01 x DBH,) (3.11)

The standard deviation of the DBH observation model reflects increasing measurement

error as tree size increases, and was estimated from reports of observed variation in DBH
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measurements reported from quality assessment efforts for FIA plots in the Pacific Northwest that
indicate the FIA Measurement Quality Objective (MQO) for DBH measurement error (USFS
Forest Inventory and Analysis, 2023) which calls for 95% of measurements to be within 0.1 inches
of the real DBH for each 20 inches of DBH (e.g., a tolerance of 0.2” for trees with 20” < DBH <
40”) may not be satisfied in this region (Melson et al., 2002).

An analysis to estimate DBH measurement error from the trends reported in Melson et al.
(2002) error using FIA data also indicated that the growth in measurement error with increasing
DBH may be exponential rather than linear, and that there are particularly fat tails of the error
distribution suggesting a Laplace distribution better describes observed error rates than a Normal
distribution (see Figure 3.6). However, I encountered computational difficulties employing a
Laplace distribution within the observational model using this magnitude of measurement error
and resorted to the best-fitting Normal distribution model for measurement error instead.

FIA measurements of radial increment recorded on a subset of trees at the second
measurement visit (10 years after the first) were also used to build a second observation model.
The five- and ten-year increment recorded at year 10 were used to condition the incremental
growth predicted by the Wykoff process model, with measured radial increment assumed to be

half of inside-bark diameter increment during that period. This is the DG observation model:
DG¢ ~N(DGg, 0.03 x DG,) (3.12)

Similar to the DBH observation model, the standard deviation of the DG observation model
was assumed to increase linearly with the amount of growth recorded. Without a data-driven option
to specify the measurement error for the DG observation model, 1 opted to utilize the FIA
Measurement Quality Objective (MQO) which tolerates up to 0.05 inches of error per 1 inch of
radial increment for 95% of measurements (USFS Forest Inventory and Analysis, 2023). The
specification of the MQO and standard deviation for the DG observation model is perplexing
because biometricians may expect measured diameter increment to be a more direct and reliable
indicator of tree diameter growth over time than growth estimated from repeated DBH
measurements with a diameter tape. Other studies which have utilized tree cores collected and
measured precisely in laboratories with dendrochronological analyses have adopted observation
models which treat increments or ring widths as much more precise observations than diameter

tape measurements (Clark et al., 2007; Schliep et al., 2014; Heilman et al., 2022).
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Melson et al. (2002) MQO vs. Observed Error
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Figure 3.6. Adjustment to DBH measurement error

Estimates of DBH measurement error originally reported in Melson et al. (2002) are shown in
the top left graph. All other graphs translate the histogram of observed DBH differences in the
top left graph into a cumulative distribution displayed as a bar plot. These cumulative
distribution bar plots are then overplotted with lines displaying the proportion of trees that
would be expected to have a measurement error of a particular magnitude for each diameter
class. The top right graph displays the error rate expected if the FIA Measurement Quality
Objective was being met. The lower left graph displays the best-fitting error rate using a
Normal distribution with error linearly related to the measured DBH (scale = 0.011 * DBH).
The bottom right graph shows the best-fitting error rate using a Laplace distribution that has a
non-linear relationship with DBH (scale = 0.00013 * DBH**2.18)
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Moving from unpooled to hierarchical models

Diameter growth models were initially fit following the traditional (or “unpooled”) pattern
used for developing FVS growth and mortality equations. That is, models for each species were
fit with data from a single ecoregion or FVS variant. Although I implemented the fitting
simultaneously across ecoregions for a single species, the unpooled model form treats the
coefficients for the Wykoff process model in each ecoregion as independent from each other, and
conditions the parameters in each regional model only on observations from within that ecoregion.
These unpooled models were used to evaluate the potential for model simplification and
consolidation and were intended to provide maximum flexibility for models to fit local data.

Following the selection of a preferred model form for each species and ecoregion, I
developed a hierarchical or “partially pooled” model. To define a partially pooled model, each
parameter in the Wykoff process model was defined to have each region-specific parameter drawn
from a global parent distribution spanning all regions. The global distribution from which region-
specific parameters were modeled with weakly informative Normal prior distributions (see Table

3.3).
Bayesian model fitting

State-Space models for simulating tree diameters over time were coded in Python using
the Numpyro library (Phan et al., 2019). Models were fit using Markov Chain Monte Carlo
(MCMC) using the No U-Turn Sampler (NUTS). Due to its development on top of the Jax
framework (Bradbury et al., 2018), Numpyro allows execution of MCMC sampling using
Graphical Processing Units (GPUs), enabling substantial speedups in computing compared to
running MCMC on Central Processing Units (CPUs). MCMC chains were run for 1,000 warm-up
samples (discarded) and the next 1,000 samples from the Markov Chain were retained for analyses.
Traces of the MCMC samples were inspected visually, both in terms of individual traces and using
pair plots for all combinations of model parameters to identify convergence or sampling issues.
Several iterations of model refinement and adjustments to sampling algorithm arguments were
completed to improve MCMC sampling performance. Convergence was evaluated using the
Gelman-Rubin R-hat statistic and effective sample size to ensure satisfactory model fitting and

sample size for representation of the posterior distribution of modeled parameters. As mentioned
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Table 3.3. Parameterization of the State-Space Models

Partially Pooled
Predictor Parameter Pooled Unpooled n c
intercept bo N(2.5, 0.25) N(2.5, 0.25) N(2.5,0.1) HN(1)
In(DBH) b N(O, 1) N(0.7, 0.25) N(0.7,0.1) HN(0.1)
DBH**2 by N(O, 1) N(-0.2, 0.25) N(-0.2,0.1) HN(0.1)
In(SI) bs N(O, 1) N(0.25, 0.25) N(-0.25, 0.1) HN(0.1)
SL by N(O, 1) N(0.0, 0.25) N(0, 0.1) HN(0.1)
SL**2 bs N(O, 1) N(0.0, 0.25) N(0, 0.1) HN(0.1)
SL*sin(ASP) bs N(0, 0.1) N(0.0, 0.10) N(0, 0.05) HN(0.1)
SL*cos(ASP) by N(0, 0.1) N(0.0, 0.10) N(0, 0.05) HN(0.1)
EL bs N(O, 1) N(-0.3, 0.25) N(-0.3,0.1) HN(0.1)
EL**2 by N(O, 1) N(0.15, 0.25) N(0.15, 0.1) HN(0.1)
CR bio N(0, 1) N(0.8, 0.25) N(0.8, 0.1) HN(0.1)
CR**2 bi N(0, 1) N(-0.4, 0.25) N(-0.4,0.1) HN(0.1)
TREE COMP bia N(0, 1) N(0, 0.25) N(0, 0.25) HN(0.1)
STAND_ COMP bis N(0, 1) N(0, 0.25) N(0, 0.25) HN(0.1)
favncsioIrJr?i;tfle(z:I: Bloc N(0,0.1)
gftcft’lot random -~ N(0, 0.1)
Process error Ewyk 1G(10, 5)
Real DBH DBH! N(DBH,,0.01 x DBH,)
Real DG DG¢ N(DG;,0.03 * DG,)

Notes: Parameterizations shown above reflect probability distributions of Normal (N),
Half Normal (HN), Inverse Gamma (IG). Distributions shown for bi through bi3 values
indicate the prior distributions used for those parameters. In the Pooled model a single
parameter for each of b1 through bi3 was defined using these priors. In the Unpooled
model, nine independent parameters (one for each FVS variant) were defined for each of
b1 through bis using the same priors. In the Partially-Pooled model, nine covarying
parameters (one for each FVS variant) were drawn for each of b through bis from a

Normal(u, o).

briefly above, several computational and statistical adjustments were employed to reduce non-
identifiability arising from random effects, prior distributions for parameters, and measurement
errors.

All predictor variables were standardized to have zero mean and unit variance. A model
was initially fit using a fully pooled approach for Douglas-fir, using observations across all
ecoregions and without random effects. This fitting helped to identify plausible ranges for each
fixed effect and process model error, which were translated into weakly-informative priors for

each of these parameters that were later employed for the unpooled and partially pooled models
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for all species. See Table 3.3 for the values used to define prior distributions for all parameters and
model forms. In graphics displaying posterior distributions derived from MCMC sampling, prior
distributions were also displayed to help illustrate the relative weakness or flatness of the chosen
prior distributions in contrast to the estimated posterior distributions of these parameters.

Initial model checking indicated several correlated covariates, which can reduce the
effectiveness of MCMC sampling (causing higher autocorrelation between subsequent samples in
the Markov Chain and reducing sampling efficiency). Coefficients for the two size effects (b1 and
b2) were highly correlated, as well as coefficients for tree- and stand-level competition variables
(bi2 and bi3). By specifying a dense mass matrix for these two combinations of variables as part
of the Hamiltonian dynamics employed in the NUTS algorithm, sampling efficiency and
convergence issues encountered when a diagonal mass matrix (default) was used were resolved.
In the application of hierarchical models, a similar issue occurs due to the dependence between the
parent and child parameters for each model coefficient occurs, and was addressed through the use
of non-centered parameterizations (Papaspiliopoulos et al., 2003) for the coefficients for fixed

effects in each ecoregion.
Performance assessment and model comparison

I calculated predictive performance for diameter growth predictions using mean absolute
error (MAE), Root Mean Squared Error (RMSE), Bayesian R? (Gelman et al., 2019) and average
bias metrics. I conducted model comparisons using the HDI-ROPE procedure introduced by
Kruschke and colleagues (Kruschke, 2014; Kruschke and Liddell, 2018; Kruschke, 2018). In the
context of model comparison, the HDI-ROPE decision rule involves defining a performance metric
and a region of practical equivalence (ROPE) used to compare alternative models. I utilized MAE
as the performance metric for the HDI-ROPE procedure and defined a ROPE for each tree species
as 1% of the average 10-year DBH growth estimated from repeated DBH measurements in each
region. I utilized the 90% highest density interval (HDI) of the posterior distribution (indicated in
graphs as HPDI) of MAE to characterize the range of each model’s predictive performance.

A priori, I identified a single model formulation as a preferred benchmark candidate: the
SIMPLE-BALLNDBH-BA model. I chose this model as a preferred option because it can be
calculated directly from inventory data without reliance on additional regression equations (as in

the case of CCF) and does not involve arbitrary cutoffs (as in the case of RELHT). In this model,

Page 158 of 225



the tree-level competition indicator (BAL / In(DBH+1)) is effectively an interaction term for tree-
and stand-level competition. Finally, this model uses fewer parameters than the FULL-
BALLNDBH-BA model.

The MAE for each model was calculated using 1,000 posterior samples of model
coefficients and all FIA observations for that species. The difference in MAE for each of these
1,000 parameterizations was calculated, and the MAE of the candidate model was subtracted from
the MAE of the benchmark model. I then calculated the 90% HDI for the difference in MAEs
between models. As implemented here, the HDI-ROPE decision rule leads to one of the following
outcomes for each pair of models compared (also illustrated in Figure 3.7):

i.  The candidate model is deemed inferior to the benchmark model if the upper bound of the
90% HDI falls below the lower bound of the ROPE. In other words, the candidate model
has a larger MAE compared to the benchmark model that generally exceeds the ROPE.

ii.  The candidate model is deemed equivalent to the benchmark model if the HDI is fully
enclosed within the ROPE. In other words, the candidate model rarely shows predictive
performance that is better or worse than the benchmark model beyond the ROPE.

iii.  The candidate model is deemed superior to the benchmark model if the lower bound of the
90% HDI falls above the upper bound of the ROPE. In other words, the benchmark model
has a larger MAE compared to the candidate model that generally exceeds the ROPE.

iv.  The comparison of models is deemed inconclusive if the 90% HDI encloses one or both of
the ROPE boundaries. This is similar to the Frequentist concept of failing to reject a null

hypothesis that two models have equivalent performance.

I conducted the HDI-ROPE procedure using the unpooled SIMPLE-BALLNDBH-BAL
model as a benchmark. I used MAE of predictions of 10-year outside-bark diameter growth, and
made the HDI-ROPE comparison within each FVS regional Variant. By performing model
comparison within each FVS Variant, I attempted to determine whether there were regional
differences in diameter growth that are better predicted using alternative competition variables or
with the additional parameters in the FULL Wykoff model. If some regions were found where
alternative models outperformed the benchmark model, it may justify the maintenance of a

diversity of models across regions to best fit the available data.
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Figure 3.7. Illustration of HDI-ROPE decisions

The top row of graphs illustrates the calculation of a difference in performance metric used to
compare models. The second row of graph illustrates how the HDI of that difference in
performance metric between the two models is used with the ROPE to determine whether a
candidate model is inferior, equivalent, or superior to the benchmark model. In instances

where the HDI overlaps either of the lower or upper boundaries of the ROPE are deemed

inconclusive (not shown in figure).

To evaluate the effects of employing a hierarchical model form, I also implemented the

HDI-ROPE decision rule to compare the performance of a hierarchical implementation of the

benchmark model against the unpooled version of the benchmark model.
Reproducible computing environment and workflows

All computing was performed on a Linux server running Ubuntu 20.04 equipped with
528GB of RAM and three NVIDIA GeForce RTX A400 Graphics Processing Units (GPUs), each
with 16GB of GPU memory. The computing environment was installed using Miniconda including

the Conda package manager (Conda contributors, 2022) and Python version 3.10. Model fitting
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and analyses were implemented using a series of Jupyter Notebooks. All code and notebooks to

implement the workflow are published on GitHub at https://github.com/d-diaz/refit fvs under the

permissive BSD 3-Clause free software license.

3.3 RESULTS

Unpooled Wykoff model comparisons

For each of the 15 species considered in this study, I compared 17 candidate models using
the HDI-ROPE decision rule against the benchmark SIMPLE-BALLNDBH-BA model in each
region where that species was observed across California, Oregon, and Washington. The results
for the four focal FVS regional Variants of Westside Cascades (WC), Pacific Northwest Coast
(PN), Inland California and Southern Cascades (CA), and Klamath Mountains (NC) are shown in
Table 3.4. The results for the four focal FVS Variants of Westside Cascades (WC), Pacific
Northwest Coast (PN), Inland California and Southern Cascades (CA), and Klamath Mountains
(NC) are shown in Table 3.4. I did not observe a single instance in which a candidate model was
judged superior to the benchmark model for any species in any ecoregion. For all 15 species and
in all ecoregions, the majority of candidate models showed comparable performance in the
prediction of diameter growth as the benchmark model, producing inconclusive results from the
HDI-ROPE decision rule. For 8 of the 15 species considered, at least one candidate model was
judged inferior to the benchmark model across the ecoregions considered, while the other 7 species
showed all candidate models to either be inconclusive or equivalent to the benchmark model.

The ranking of models that would’ve occurred through point estimates of model
performance was highly variable from species to species and among performance metrics. Several
species showed clear breaks where the inclusion of specific features such as RELHT were
consistently producing lower-performing models, but this was not true across all species. The
comparison of all the unpooled models including the SIMPLE-BALLNDBH-BA benchmark and
the 17 unpooled candidate models for Douglas-fir are displayed using multiple performance
metrics in Figure 3.8. Similar visualizations for the 14 other tree species are displayed in

Supplementary Materials.
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Table 3.4. Summary of Unpooled Model Comparisons
HDI-ROPE decisions within each FVS Regional Variant

Westside Cascades Pacific Northwest In:‘il:idsgzigg::zla Klamath Mountains
(WC) Coast (PN) Cascades (CA) (NO)
Common Name < = > ? < = > ? < = > ? < = >
Douglas-fir 6 7 4 0 8 7 2 0 10 7 0 0 10 7 0 0
Ponderosa pine 17 0 0 0 (17 O 0 0|14 3 0 0|17 0 0 0
Western hemlock 11 4 2 0 9 6 2 0 17 0 0 0 17 0 0 0
White fir 17 0 0 0|17 O 0 0 17 0 0 0 17 0 0 0
Pacific silver fir 16 0 1 0 17 0 0 0 -- -- -- -- -- -- -- --
Mountain hemlock 16 1 0 0 17 0 0 0 17 0 0 0 17 0 0 0
Western redcedar 15 2 0 0 17 0 0 0 17 0 0 0 17 0 0 0
Canyon live oak 17 0 0 0|17 O 0 0 17 0 0 0 17 0 0 0
Tanoak 17 0 0 0 -- -- - - 117 0 0 0 17 0 0 0
Red alder 17 0 0 012 5 0 0 17 0 0 0 17 0 0 0
California black oak | 17 0 0 0|17 0 0 0 17 0 0 0 17 0 0 0
Pacific madrone 17 0 0 0 17 0 0 0 17 0 0 0 17 0 0 0
Coast redwood -- -- -- -- -- -- -- -- -- -- -- - |14 3 0 0
Bigleaf maple 17 0 0 0|14 3 0 0 17 0 0 0 17 0 0 0
Noble fir 17 0 0 0|17 0 0 0 17 0 0 0 17 0 0 0

Notes: for each of the four focal regional variant of FVS (WC = Westside Cascades, PN = Pacific Northwest Coast,
CA = Inland California and Southern Cascades, and NC = Klamath Mountains), 17 candidate models were
compared using the HDI-ROPE decision rule against the SIMPLE-BALLNDBH-BAL benchmark model. The values
in each cell correspond to the count of candidate models for a species in each ecoregion categorized as one of four
model comparison outcomes: inconclusive (?); inferior than benchmark (<), equivalent to benchmark (=), and
superior to benchmark (>). Regions where a species was never observed are indicated with “--".

Comparing the unpooled and partially pooled Wykoff benchmark models

For all 15 species and in all FVS regional variants across Oregon, Washington, and
California, the performance of hierarchical or partially pooled versions of SIMPLE-BALLDNBH-
BA models was comparable to the unpooled versions of the model, yielding inconclusive results

from the HDI-ROPE decision rule.
Comparison with current FVS models

When compared against the default settings for the diameter growth models currently
employed by FVS, refit models, both unpooled and hierarchical versions commonly outperformed
FVS in terms of lower MAE and smaller bias (see Table 3.5 and Table 3.6). As a deterministic

model, the performance estimates of FVS are points rather than distributions as is the case with
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the Bayesian models. I applied the HDI-ROPE decision rule in this context by treating the FVS
model in each ecoregion as the benchmark model for each species, and followed the HDI-ROPE
determination procedure based on how the lower and upper bounds of the Bayesian model HDI
for MAE fell in relation to the ROPE, which was again set at 1% of the average 10-year diameter
growth observed for that species in that region. The comparisons between the hierarchical
SIMPLE-BALLNDBH-BAL models and FVS are illustrated in Figure 3.9. FVS outperformed the
benchmark hierarchical models in 5 out of 43 instances for: canyon live oak in the CA region; red
alder in the NC region; California black oak in the CA and NC regions; and bigleaf maple in the
PN region. The HDI-ROPE produced inconclusive comparisons in 7 out of 43 instances and
showed the newly-fitted hierarchical models outperformed FVS in 31 out of 43 instances.

FVS generally showed more bias than the refit models for most species and regions. The
average bias in FVS simulations was always positive, for every species and every region, with
several regional models having an average bias of overpredicting 10-year diameter increment by

more than 1 inch (see Table 3.5 and Table 3.6).
Posterior distributions of model parameters

All species showed similar patterns in terms of variable importance (see Table 3.7). Current
tree size was the most influential driver of diameter growth, with both the log-transformed and
quadratic terms having large coefficients. After tree size, live crown ratio was typically the next
most influential factor on diameter growth, followed by the tree-level competition variable and
Site Index. Slope and elevation were often among the smallest effects, with both features generally
showing a negative effect on growth. Plot-level competition as indicated by basal area generally
showed a small but positive effect on diameter growth. An illustration of the posterior distributions
of model parameters for the partially pooled (hierarchical) SIMPLE-BALLDNBH-BA for
Douglas-fir is shown in Figure 3.11. Similar plots for the other 14 species are included in
Supplementary Materials.

When considering the magnitude of variation among ecoregion-level, location-level, and
plot-level effects, hardwood species tended to show substantially higher degrees of ecoregion-
level variation than softwoods (see Table 3.9). Mountain hemlock also showed substantial

ecoregion-level variation among the intercept terms used in the hierarchical SIMPLE-
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BALLNDBH-BA model. Most species showed comparable levels of variation among location-

and plot-level parameters.
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Figure 3.8. Unpooled model comparison with multiple performance metrics: Douglas-fir
These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R°, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Table 3.5. Performance metrics for FVS and refitted models: Hardwood species

MAE BIAS R2

Common Name Model wC PN CA NC wC PN CA NC wC PN CA NC
Canyon live oak FVS -- -- 0.330 0.346 -- -- -0.061  0.101 -- -- 0.004 0.016
Unpooled -- -- 0.369 0.363 -- -- 0.003 0.021 -- -- 0.353  0.401
Hierarchical -- -- 0.368 0.363 -- -- -0.001  0.010 -- -- 0.354 0.397
Tanoak FVS -- -- 0.797 0.828 -- -- 0.666  0.713 -- -- 0.032 0.049
Unpooled -- -- 0.484 0.626 -- -- 0.056  0.048 -- -- 0417 0.459
Hierarchical -- -- 0.472  0.626 -- -- 0.031 0.043 -- -- 0.413 0.457
Red alder FVS 1.556 1.158 0.759 0917 1.079 0.799 -0.576 -0.221 | 0.001 0.017 0.089 0.019
Unpooled 0913 1.050 0.936 1.383 0.111  0.076 0.162  0.179 | 0.563 0.498 0.443 0.457

Hierarchical 0912 1.052 0.876 1328 | 0.110 0.075 0.105 0.091 | 0.562 0.497 0428 0.441
California black oak FVS 0.502 -- 0.335 0280 | 0.459 -- -0.077  0.052 | 0.004 -- 0.004 0.062
Unpooled 0.403 -- 0411 0313 0.053 -- -0.011  0.012 | 0.403 -- 0.289 0.377

Hierarchical 0.383 -- 0413 0313 | -0.009 -- -0.016  0.001 | 0.342 -- 0.286 0.368
Pacific madrone FVS 0.553 0.815 0.594 0.772 | 0.085 0.707 0.172  0.658 | 0.010 0.036 0.005 0.052
Unpooled 0431 0515 0594 0544 | 0.029 0.095 -0.004 0.034 | 0476 0476 0220 0.460
Hierarchical 0.425 0486 0.593 0.551 0.006 0.030 -0.015 0.025 | 0469 0.424 0.214 0.460
Bigleaf maple FVS 1.087 1.205 0.355 0.868 | 0.587 0.559 0.028 0.648 | 0.035 0.027 0.003 0.000
Unpooled 0.920 1377 0.426 0.853 0.069 0.123  0.067 0.207 | 0.487 0.455 0.399 0437

Hierarchical 0912 1370 0402 0810 | 0.042 0.102 0.016 0.096 | 0476 0.453 0.381 0.423

Notes: Values in the table shown for “Unpooled” and “Hierarchical” indicate the average MAE, BIAS, and R’ for the unpooled
and hierarchical versions of the SIMPLE-BALLNDBH-BA model, respectively. Values are omitted (“--")for regions and species

where there were fewer than 10 observations.
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Table 3.6. Performance metrics for FVS and refitted models: Softwood species

MAE BIAS R2
Common Name Model wC PN CA NC wC PN CA NC wC PN CA NC
Douglas-fir FVS 0.741 0989 0.742 0.905 0.011  0.028 -0.001 0.018 | 0.606 0.534 0.521 0.541
Unpooled 0.742 0990 0.742 0904 | 0.010 0.030 -0.002 0.015 | 0.606 0.534 0.521 0.540
Hierarchical 2.143 -- 1.126  1.233 1.771 -- 0.724  0.831 | 0.291 -- 0.235 0.125
Ponderosa pine FVS 0.925 -- 0.749 0.674 | -0.049 -- -0.070  0.050 | 0.592 -- 0.545 0.545
Unpooled 0.929 -- 0.745  0.680 | -0.060 -- -0.079  0.059 | 0.586 -- 0.540 0.535
Hierarchical 0.645 1305 0973 1.671 0.107 1.056 0.777 1483 | 0.148 0.277 0.309 0.119
Western hemlock FVS 0.644 0906 0.522 0.777 | 0.023 0.040 0.008 0.041 | 0.567 0.535 0.561 0.487
Unpooled 0.644 0906 0.512 0.755 0.022 0.040 -0.042 0.039 | 0.566 0.535 0.555 0.487
Hierarchical 0.820 -- 0.948 1.057 | 0.488 -- 0.691 0.784 | 0.168 -- 0.180 0.266
White fir FVS 0.656 -- 0.690 0.560 | 0.003 -- -0.003  0.017 | 0.558 -- 0.507 0.502
Unpooled 0.653 -- 0.691 0.560 | 0.003 -- -0.002  0.034 | 0.559 -- 0.506 0.505
Hierarchical 0.754 0913 -- -- 0.333  0.580 -- -- 0.176  0.124 -- --
Pacific silver fir FVS 0.566 0.727 -- -- 0.015  0.008 -- -- 0.591 0.482 -- --
Unpooled 0.566 0.725 -- -- 0.015  0.006 -- -- 0.590 0.482 -- --
Hierarchical 0.741 0989 0.742 0.905 0.011  0.028 -0.001 0.018 | 0.606 0.534 0.521 0.541
Mountain hemlock FVS 0.345 0.497 1.086 -- 0.101  0.278  0.738 -- 0.114 0.009 0.115 --
Unpooled 0.362 0.353 0.325 -- -0.000 0.047 0.015 -- 0.459 0.210 0.508 --
Hierarchical 0.361 0.365 0.321 -- -0.004 0.024 -0.015 -- 0.453 0.196 0479 --
Western redcedar FVS 0.764 1.305 -- -- 0.097  0.860 -- -- 0.076  0.061 -- --
Unpooled 0.802 1.203 -- -- 0.039  0.060 -- -- 0.505 0.475 -- --
Hierarchical 0.802 1.199 -- -- 0.036  0.059 -- -- 0.503 0.475 -- --
Coast redwood FVS -- -- -- 1.515 -- -- -- 0.914 -- -- -- 0.055
Unpooled -- -- -- 1.349 -- -- -- 0.061 -- -- -- 0.489
Hierarchical -- -- -- 1.349 -- -- - 0.063 - - -- 0.489
Noble fir FVS 1.102 2.210 -- -- 0.330 2495 -- -- 0.149 0.152 -- --
Unpooled 0.813 1.104 -- -- 0.031  0.192 -- -- 0.627 0.658 -- --
Hierarchical 0.814 1.014 -- -- 0.033  0.090 -- -- 0.627 0.647 -- --

Notes: See explanatory notes in Table 3.5.
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Figure 3.9. HDI-ROPE comparisons between FVS default models and hierarchical
benchmark models, Part 1 of 2.

Each row of graphs shows a kernel density estimate of the distribution of the Mean Absolute
Error for 10-year diameter growth predictions for single species across four regions (WC =
Westside Cascades, PN = Pacific Northwest Coast, CA = Inland California and Southern
Cascades, NC = Klamath Mountains). The MAE of FVS and ROPE, are shown as vertical line
and red band, respectively. The outcome of the HDI-ROPE decision rule for each species in each
region is indicated in the upper-right corner of each graph (>: superior to FVS, ?: inconclusive
comparison with FVS, <: inferior to FVS). Species codes are: DF' = Douglas-fir; PP =
Ponderosa pine; WH = Western hemlock; WF = White fir; SF = Pacific silver fir;, MH =
Mountain hemlock; RC = Western redcedar.
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Figure 3.10. HDI-ROPE comparisons between FVS default models and hierarchical
benchmark models, Part 2 of 2.
Each row of graphs shows a kernel density estimate of the distribution of the Mean Absolute
Error for 10-year diameter growth predictions for single species across four regions (WC =
Westside Cascades, PN = Pacific Northwest Coast, CA = Inland California and Southern
Cascades, NC = Klamath Mountains). The MAE of FVS and ROPE, are shown as vertical line
and red band, respectively. The outcome of the HDI-ROPE decision rule for each species in
each region is indicated in the upper-right corner of each graph (>: superior to FVS, ?:
inconclusive comparison with FVS, <: inferior to FVS). Species codes are: CY = Canyon live

oak; TO = Tanoak; RA = Red alder;, BO = California black oak; MA = Pacific madrone; RW
= Coast redwood; BM = Bigleaf maple; NF = Noble fir.
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Table 3.7. Distributions of standardized model coefficients for hierarchical SIMPLE-BALLNDBH-BA models

bo b1 b2 bs b4 bs b1o b1z b1z Ewyk
SPP. VAR. intercept In(DBH) DBH**2 In(SI) SL EL CR I BAL/ BA process error
n(DBH+1)
WC 2.681+£0.02 0.669+0.01 -0.262+0.01 0.269 +0.01 -0.050 +0.01 -0.069 +£0.01 0.453 £0.01 -0.320+0.01 0.117+£0.01 0.576 +0.00
PN 2.598+0.03 0.697+0.01 -0.160+0.01 0.187+0.01 -0.041 £0.01 -0.177 £0.01 0.423 +£0.01 -0.392+0.01 0.104 +0.01 0.614 +0.01
DE CA 2579+0.02 0.659+0.02 -0.391+0.03 0.188+0.01 0.007 +0.01 -0.078 £0.02 0.392 +0.01 -0.351+0.01 0.176 +0.02 0.658 +0.01
NC 2.553+£0.03 0.681=+0.02 -0.299 £0.02 0.245+£0.01 -0.068 +0.01 -0.209 +0.02 0.428 +£0.01 -0.367 £0.01 0.177+0.02 0.691 =0.01
WC 2.312£0.06 0.659+0.03 -0.357+0.03 0.128 £0.03 -0.124 £0.04 -0.223 £0.04 0.384+£0.03 -0.268 +0.02 0.058 +£0.02 0.624 +0.03
PN 2.319+0.13 0.646+0.04 -0.348 £0.06 0.177 £0.06 -0.067 £0.08 -0.177 +£0.07 0.396 +0.06 -0.273 £0.02 0.061 £0.05 0.514+0.17
P CA 2255+0.04 0.665+0.03 -0.317+0.03 0.170+0.02 -0.076 + 0.02 -0.051 £0.02 0.439+0.02 -0.277+0.01 0.082+0.02 0.668 + (.02
NC 2.229+0.08 0.648+0.03 -0.370+£0.05 0.161 £0.03 0.009 £0.05 -0.066+0.05 0.374 +£0.04 -0.267+=0.02 0.064£0.03 0.689 + 0.06
WC 2.298+0.02 0.581+0.02 -0.275+0.02 0.135+0.01 0.003+0.01 -0.112+0.01 0.491£0.01 -0.421+0.02 0.174+£0.02 0.679 £0.01
PN 2.286=+0.03 0.620+0.02 -0.266 £0.02 0.083 £0.02 0.011+£0.01 -0.227+0.02 0.418 £0.01 -0.502+0.02 0.163 £0.02 0.722+£0.01
WH CA 2411+0.12 0.608=+0.06 -0.277 +0.05 0.086+0.06 0.003 £0.04 -0.210+0.15 0.446 £0.06 -0.402£0.07 0.179+£0.04 0.488 +0.07
NC 2263+0.08 0.609=+0.05 -0.281 £0.05 0.092 +£0.04 -0.005 +0.03 -0.164 = 0.08 0.446 +=0.05 -0.330 £0.05 0.192+0.04 0.721 £0.05
WC 2.388+£0.05 0.803+0.03 -0.357+0.03 0.118 £0.02 -0.054 +0.01 -0.074 £0.03 0.437+0.02 -0.332+0.03 0.143+£0.03 0.597 +0.02
PN 2.467+0.12 0.791+0.06 -0.356 £0.07 0.130+0.04 -0.057 £0.03 -0.137 +0.05 0.380+0.09 -0.311+0.08 0.128 +0.06 0.506 +0.17
WE CA 2385+0.03 0.788+0.03 -0.336+0.03 0.149+0.02 -0.048 +0.01 -0.143 £0.02 0.333 +£0.02 -0.353 £0.03 0.122+0.02 0.603 +0.01
NC 2371£0.06 0.770£0.05 -0.370 £0.05 0.123 £0.03 -0.069 +0.03 -0.071 £0.04 0.317 £ 0.04 -0.276 £0.04 0.116+0.04 0.549 =0.04
WwWC 1.970+£0.03 0.713+0.02 -0.343 £0.03 0.118 +£0.01 0.040+0.01 -0.121 £0.01 0.567 £0.01 -0.267 +£0.02 0.117 £0.02 0.603 £ 0.01
PN 1.878+0.10 0.718 +£0.04 -0.226 £0.04 0.078 £0.04 -0.085+0.04 -0.119 +0.03 0.534 +0.04 -0.361 £0.05 0.114 +0.04 0.793 +0.03
SF CA - - - - - - - - - -
NC -- -- -- -- -- -- -- -- -- --
WC 1.682+0.04 0.655+0.04 -0.197+0.03 0.161 £0.02 0.024+0.02 0.011+0.03 0.422+0.02 -0.299 +0.03 0.094 +0.02 0.646 + 0.02
PN 1.305+0.22 0.684 +0.06 -0.147 +0.07 0.120 +0.06 0.002+0.05 -0.009 +0.12 0.365+0.07 -0.269 + 0.06 0.151 +0.08 0.752+0.10
MH CA 1.666+0.15 0.695+0.06 -0.148 +0.08 0.170+0.05 0.020 +0.04 -0.159+0.18 0.412+0.04 -0.254+0.05 0.120 +0.05 0.614+0.06
NC 1472+0.30 0.697+0.07 -0.189 +0.11 0.148+0.09 0.014 +0.04 -0.060+0.16 0.419+0.06 -0.253 +£0.07 0.114+0.06 0.693 +0.19
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Table 3.7. Distributions of standardized model coefficients for hierarchical SIMPLE-BALLNDBH-BA models

bo b1 b2 bs b4 bs b1o b1z b1z Ewyk
SPP. VAR. intercept In(DBH) DBH**2 In(SI) SL EL CR BAL/ BA process error
In(DBH+1)
WC 2.516+£0.03 0.814+0.04 -0.186+0.03 0.073 £0.02 -0.019+0.02 -0.156 £0.03 0.502 +£0.02 -0.368 +0.03 0.131 +£0.03 0.748 +0.02
PN 2.049+£0.08 0.881+0.05 -0.156 +£0.04 0.036 +0.03 0.089+0.03 -0.325+0.05 0.487+0.03 -0.386+0.04 0.112+0.04 0.883 £0.03
RC CA 2395+£0.19 0.803+£0.08 -0.193 +0.08 -0.089 +0.11 -0.032 £ 0.10 -0.272 £ 0.15 0.499+0.05 -0.398 £0.10 0.079+0.09 0.526 £0.15
NC 2.569+0.23 0.808 +0.09 -0.191 £0.08 0.098 +0.14 -0.019+£0.10 -0.303 +0.13 0.520+0.07 -0.334+0.13 0.108+0.09 0.485+0.15
WC 1.343+£0.25 0.436+0.12 -0.100 £ 0.08 0.134 £0.13 -0.064 =0.07 -0.200 £0.17 0.650 +0.20 -0.306 +0.06 0.133 £0.09 0.458 +0.12
PN 0.519+0.58 0.452+0.13 -0.100£0.08 0.117£0.13 -0.069 £ 0.08 -0.148 +£0.16 0.715+0.19 -0.290+0.07 0.162+0.10 0.524 +0.17
ey CA 0.863+0.04 0.388+0.04 -0.070+0.04 0.082+0.03 -0.039 +0.02 -0.061 +£0.03 0.248 £0.02 -0.290+0.04 0.153 £0.04 0.872 +0.02
NC 0.764+0.07 0.368 £0.05 -0.100 £0.05 0.198 £0.04 -0.064 +0.03 -0.057 £ 0.04 0.336 +0.04 -0.290 £0.04 0.195+0.05 0.923 £0.04
WC 1.868 £0.44 0.522+0.10 -0.168 £0.11 0.252+0.20 0.023 £0.08 -0.309 £0.21 0.396+0.22 -0.527+0.12 0.281+0.11 1.038 +£0.30
PN -- -- -- -- -- -- -- -- -- --
1o CA 1.536+0.11 0.504=+0.07 -0.133 £0.07 -0.095 £0.07 0.030 +0.04 -0.011£0.09 0.165+0.06 -0.463 £0.08 0.325+0.07 0.817+0.06
NC 1.259+0.04 0.488 £0.05 -0.147 +£0.04 0.106 £0.02 0.013 £0.02 -0.042+0.02 0.382+£0.02 -0.579£0.05 0.286+£0.05 1.018 +0.02
WC 2.213£0.06 0.263+0.08 -0.219+0.10 0.149 +£0.03 -0.025=0.03 -0.057 £0.04 0.586+0.03 -0.221 +0.05 0.095+0.05 0.854 +0.03
PN 2.424+0.05 0.036+0.05 -0.095+0.04 0.043 +£0.02 -0.015+0.02 0.037+0.03 0.404+0.03 -0.425+0.03 0.156+0.04 0.862 + 0.02
RA CA 2395+0.16 0.195+0.17 -0.205+0.12 0.058+0.13 -0.019 +0.07 -0.162 £0.12 0.628 £ 0.14 -0.255+0.13 0.073£0.10 0.725+0.15
NC 2439+0.12 0.139+0.12 -0.144+0.10 0.052+0.10 0.008 £0.06 -0.144+0.12 0.625+0.10 -0.131£0.10 0.120+0.08 0.864 +0.09
WC 1.471+£0.13 0.646+0.08 -0.047 +0.08 -0.004 = 0.05 0.033 +£0.06 -0.146 £0.10 0.262 +0.09 -0.141 +£0.05 0.010 +0.07 0.762 +0.08
PN 1.095+0.48 0.645+0.09 -0.090+0.08 0.017+0.07 -0.003 £0.09 -0.158 +0.11 0.493 +0.25 -0.144+0.07 0.014+0.10 0.511+0.18
BO CA 1335+0.04 0.586+0.06 -0.054+0.06 0.017+0.02 0.057£0.03 -0.125+0.04 0.221 £0.03 -0.155+0.05 -0.030 +0.05 0.777 £ 0.03
NC 1.289+0.08 0.713+0.07 -0.104 £0.06 0.001 £0.03 -0.003 +0.04 -0.099 +0.05 0.236 +=0.05 -0.140 £0.05 0.096 =0.06 0.634 +0.04
WC 1.384+0.09 0.438+0.07 -0.186+0.10 0.066 +0.06 -0.076 =0.04 0.071 £0.09 0.443 £0.04 -0.371 +£0.06 0.213+£0.06 0.832+0.06
PN 1.311+0.28 0.482+0.09 -0.179+0.11 0.079+0.11 -0.061 £0.06 -0.015+0.13 0.477 +£0.08 -0.369+0.07 0.233+0.08 1.012+0.11
Ma CA 1.441+£0.07 0.472+£0.05 -0.178 +£0.08 0.244 +0.05 -0.093 £0.03 0.005+0.04 0.436=+0.03 -0.354+£0.04 0.231+0.04 0.938+£0.03
NC 1.229+0.06 0.488 +0.06 -0.104 +0.05 0.069 +0.03 -0.085 +0.03 -0.111 £ 0.04 0.416+0.04 -0.362+0.05 0.200+0.05 0.922 + 0.04
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Table 3.7. Distributions of standardized model coefficients for hierarchical SIMPLE-BALLNDBH-BA models

bo b1 b2 bs b4 bs b1o b1z b1z Ewyk
SPP. VAR. intercept In(DBH) DBH**2 In(SI) SL EL CR BAL/ BA process error
In(DBH+1)
WC -- -- -- -- -- -- -- -- -- --
RW PN -- -- -- -- -- -- -- -- -- --
CA -- -- -- -- -- -- -- -- -- --
NC 2.840+0.03 0.934+0.04 -0.382+0.07 0.180+0.02 0.011+0.02 0.059+0.02 0.385+0.02 -0.468 £0.03 0.133 +£0.04 0.840 +0.02
WC 1.865+£0.07 0.382+0.07 -0.199 +£0.07 0.062 +0.07 -0.030 =0.04 -0.248 £0.05 0.385+0.06 -0.487 +0.07 0.188 +0.08 1.088 +0.05
PN 1.954+0.09 0.411+0.06 -0.171 £0.05 0.091 £ 0.07 -0.019 £0.04 -0.307 +0.10 0.412+0.04 -0.544 +0.06 0.228 £ 0.06 1.052 +0.04
BM CA 1.193+0.15 0.409=+0.09 -0.204 +0.09 -0.027 £ 0.05 -0.025 + 0.07 -0.117 £ 0.08 0.201 £0.12 -0.441 £0.10 0.204+£0.10 0.893 +0.08
NC 1.193+£0.13 0.476+0.09 -0.182 +0.08 0.061 £0.06 0.022 £0.08 -0.199+0.09 0.394+0.12 -0.425+0.11 0.307+0.11 1.207+0.10
WC 2.869+0.04 0.919+0.04 -0.281 £0.04 0.069 +0.02 0.001 £0.02 -0.103 £0.02 0.581 £0.02 -0.198 +0.02 0.084 +£0.03 0.494 +0.01
PN 2.675+£0.15 0.885+0.09 -0.264+£0.09 0.218 £0.11 0.031+0.09 -0.142+0.05 0.652+0.09 -0.019+0.10 0.154+0.08 0.554+0.11
NE CA 2611+£027 0.861+0.11 -0.266+0.09 0.171 £0.12 0.020 £ 0.08 -0.145+0.08 0.655+0.11 -0.070£0.14 0.116£0.09 0.534+0.19
NC 2.739+£0.26 0.864+0.11 -0.271 £0.09 0.169+0.12 0.008 £0.09 -0.130+0.08 0.650+0.10 -0.053+0.14 0.116£0.11 0.575+0.20

Notes: Each cell in this table displays the mean and standard deviation of the posterior distribution for each model parameter.
Because the predictor variables were all standardized to have a zero mean and unit variance prior to model fitting, the magnitude of
each parameter is a helpful indicator of the relative sensitivity of diameter growth to that variable. This table displays summary
statistics of parameter values visualized in Figure 3.11 and similar figures for 14 other tree species included in Supplementary
Materials. Regression coefficients that can be used with non-standardized covariate values are shown in Table 3.34. Cells with ‘—’
indicate regions where there were no samples of that species.
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Table 3.8. Mean values of unstandardized model coefficients for hierarchical SIMPLE-BALLNDBH-BA models

bo b1 b2 bs b4 bs b1o b1z bz
SPP. VAR. intercept  In(DBH) — DBH*2  In(MAI) SL EL CR BAL/ BA
In(DBH~+1)
wC -2.715 0.977 -3.606e-4 0.478 -0.206 -4.771e-3 2.222 -0.035 3.595e-3
PN -1.947 1.018 -2.192e-4 0.333 -0.169 -1.230e-2 2.074 -0.043 3.198e-3
DF CA -2.016 0.963 -5.375e-4 0.335 0.028 -5.432e-3 1.923 -0.038 5.402¢-3
NC -2.357 0.995 -4.111e-4 0.436 -0.278 -1.451e-2 2.096 -0.040 5.421e-3
WwC -1.263 1.106 -9.313e-4 0.277 -0.715 -2.246e-2 2.174 -0.044 3.165¢e-3
PN -1.956 1.084 -9.068e-4 0.383 -0.385 -1.783e-2 2.241 -0.045 3.313e-3
PP CA -2.810 1.116 -8.270e-4 0.367 -0.440 -5.097¢-3 2.486 -0.045 4.460e-3
NC -2.426 1.088 -9.641¢e-4 0.348 0.053 -6.643¢-3 2.114 -0.043 3.492¢-3
WC -2.029 0.954 -5.584¢-4 0.259 0.011 -9.203e-3 2.447 -0.029 5.257e-3
PN -1.187 1.018 -5.410e-4 0.159 0.044 -1.855¢e-2 2.082 -0.034 4.916e-3
WH CA -1.275 0.998 -5.623e-4 0.164 0.013 -1.723e-2 2.221 -0.027 5.387e-3
NC -1.682 1.000 -5.700e-4 0.177 -0.020 -1.342e-2 2.221 -0.022 5.786¢-3
WwC -2.239 1.261 -7.888e-4 0.206 -0.307 -6.621e-3 2.215 -0.027 4.869¢-3
PN -1.712 1.243 -7.847e-4 0.227 -0.324 -1.230e-2 1.923 -0.026 4.350e-3
WE CA -1.750 1.239 -7.413e-4 0.260 -0.268 -1.279e-2 1.685 -0.029 4.162e-3
NC -1.817 1.210 -8.155e-4 0.216 -0.390 -6.355e-3 1.607 -0.023 3.966¢-3
wC -2.445 1.221 -8.696¢-4 0.199 0.171 -1.226e-2 2.574 -0.019 3.598e-3
PN -1.944 1.230 -5.736¢-4 0.131 -0.361 -1.209¢-2 2.422 -0.025 3.501e-3
SF CA - - - - - - - - -
wC 2919 1067  -468led 0224 0.107 8.082¢-4 2228 20.023 2.919¢-3
PN -3.098 1114 -3495e-4  0.166 0.011 -6.739¢-4 1.931 20020 4.723¢-3
MH© e 246 1133 -3.515e-4 0236 0090  -1.142e2 2177 0019 3.746e-3
NC 3012 1135 -4491e-4  0.206 0.060  -4328¢3 2214 0019 3.541e3
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Table 3.8. Mean values of unstandardized model coefficients for hierarchical SIMPLE-BALLNDBH-BA models

bo b1 b2 bs b4 bs b1o b1z bz
SPP. VAR. intercept  In(DBH) — DBH*2  In(MAI) SL EL CR BAL/ BA
In(DBH~+1)
wC  -1.810 1.080 -1.643¢-4 0.160 -0.071 -1.305¢-2 2.492 -0.025 3.418¢-3
PN -1.853 1.170 -1.381¢-4 0.079 0.324 2.723e-2 2418 -0.026 2.919¢-3
RC - ca 0.192 1066 -171le-4  -0.197 0017 22842 2479 0027 2.055e-3
NC 1751 1072 -1.693e-4 0217 0070 -2.537e2 2582 0023 2.812e3
wc 2110 1079 -6.017e-4  0.138 0366 -1.586e2  3.849 20032 6.045¢-3
PN 3314 1119 -6.06le-4  0.121 0394 -1.175e2 4239 0030 7.337e-3
Y A 1658 0958  -4217e-4  0.084 0222 -4.807e-3 1.470 0030 6.915¢-3
NC 2307 0909  -6.058¢-4 0204 0363 -4.555¢-3 1.990 0030 8.812¢-3
WC 2980 1170 -9.080e-4  0.463 0.102  -3.788¢2 2487 -0.035 9.236¢-3
PN - - - - - - - - -
To CA -0.497 1.130 -7.185e-4 -0.174 0.134 -1.370e-3 1.034 -0.031 1.067e-2
NC -2.651 1.095 -7.933e-4 0.195 0.058 -5.194e-3 2.403 -0.039 9.411e-3
WwC -2.257 0.632 -1.632e-3 0414 -0.097 -6.734¢-3 3.229 -0.025 4.373e-3
PN 0.938 0.087 -7.089¢-4 0.120 -0.059 4.400e-3 2.225 -0.049 7.161e-3
RA CA -0.363 0.470 -1.526e-3 0.163 -0.073 -1.912e-2 3.462 -0.029 3.361e-3
NC -0.257 0.335 -1.071e-3 0.146 0.032 -1.695e-2 3.445 -0.015 5.501e-3
wC -1.544 1.253 -1.753e-4 -0.004 0.168 -1.048e-2 1.569 -0.017 4.876e-4
PN -2.460 1.251 -3.340e-4 0.018 -0.016 -1.134e-2 2.954 -0.017 6.715e-4
BO CA -1.412 1.136 -1.996¢-4 0.018 0.286 -8.967¢-3 1.323 -0.018 -1.392¢-3
NC -2.123 1.382 -3.864¢-4 0.001 -0.016 -7.116e-3 1.413 -0.016 4.523e-3
wC -2.027 0.957 -8.284e-4 0.103 -0.370 7.316e-3 2.857 -0.035 8.030e-3
PN -2.342 1.054 -7.988e-4 0.122 -0.297 -1.588e-3 3.078 -0.035 8.788e-3
MA CA -3.169 1.032 -7.907e-4 0.376 -0.455 5.554e-4 2.812 -0.033 8.714e-3
NC -1.949 1.067 -4.633e-4 0.107 -0.414 -1.156e-2 2.680 -0.034 7.557e-3
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Table 3.8. Mean values of unstandardized model coefficients for hierarchical SIMPLE-BALLNDBH-BA models

bo b1 b2 bs b4 bs b1o b1z bz
SPP. VAR. intercept  In(DBH) — DBH*2  In(MAI) SL EL CR BAL/ BA
In(DBH~+1)
qw PN - - - - - - - - -
CA - - - - - - - - -
NC -4.598 1.278 -2.169¢-4 0.547 0.051 1.464¢-2 2.444 -0.025 2.168e-3
WwC -0.446 0.769 -7.646e-4 0.105 -0.110 -2.467e-2 2.340 -0.040 6.512e-3
PN -0.739 0.827 -6.558e-4 0.155 -0.070 -3.058e-2 2.504 -0.045 7.885e-3
BM CA -0.349 0.823 -7.831e-4 -0.046 -0.092 -1.164e-2 1.219 -0.036 7.067e-3
NC -1.997 0.958 -7.002¢-4 0.104 0.079 -1.979¢-2 2.396 -0.035 1.063e-2
WC -1.906 1.351 -4.765¢-4 0.153 0.003 -1.311e-2 2.336 -0.022 2.293e-3
PN -3.883 1.301 -4.468¢-4 0.483 0.133 -1.808e-2 2.619 -0.002 4.217e-3
NF CA -3.224 1.266 -4.515¢e-4 0.379 0.088 -1.846¢-2 2.633 -0.008 3.184e-3
NC -3.143 1.270 -4.592e-4 0375 0.035 -1.654e-2 2.611 -0.006 3.168e-3

Notes: The values in this table are the mean values of the posterior distribution for model coefficients based on un-standardized covariates. That
is, these variables may be used in a Wykoff equation with covariates retained in their original scale and units. These values are point estimates
that could be hard-coded into existing FVS source code to update these parameters in the diameter growth models for these 15 species, with the
exception that FVS often uses Site Index instead of MAI to estimate site productivity and there is not a clear crosswalk process described to
translate between different site species and base ages in FVS. “--" indicates regions where fewer than 10 observations of a tree species existed.
Values for by, bs, and b;; are reported using scientific notation where 1.00e-4 represents 1.00x10*.
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Table 3.9. Standard deviations of varying intercepts and random
effects for the hierarchical SIMPLE-BALLNDBH-BA model

Common Name bo Eloc Eplot

Douglas-fir 0.067 £0.01 0.139+0.01 0.122 £0.00
Ponderosa pine 0.070£0.03 0.126+0.01  0.121 £0.00
Western hemlock 0.084 £0.06 0.096 +0.01 0.112 £0.00
White fir 0.084 £0.04 0.108 +0.01 0.112 £0.00
Pacific silver fir 0.260+0.09 0.088+0.02 0.114+0.00
Mountain hemlock 0.400+£0.08 0.109 +£0.01 0.112 +£0.00
Western redcedar 0.203+0.06 0.104+0.02 0.105+0.00
Canyon live oak 0.334+0.15 0.133+0.01 0.109 £ 0.00
Tanoak 0.301+0.11 0.105+0.02 0.108 +£0.00
Red alder 0.139+£0.06 0.098 +0.01 0.105 £0.00
California black oak  0.223+0.12 0.116+0.02  0.105+0.00
Pacific madrone 0.227+0.08 0.104 +£0.01 0.104 + 0.00
Coast redwood 0.000£0.00 0.103+0.03 0.122 £ 0.01
Bigleaf maple 0.388+0.07 0.109 + 0.01 0.102 £0.00
Noble fir 0.192+0.09 0.106+0.02 0.108 +0.00

Notes: Values in each cell indicate the variation among the
geographic units represented by each parameter. These values reflect
the standard deviation of the intercept (ecoregion- or FVS Variant-
level), FVS Location-level, and FIA Plot-level effects, and are
calculated from the posterior distribution for each of these
parameters, reporting the average and standard deviation of the
among-unit standard deviations.

3.4 DISCUSSION

The observation of consistent biases of current FVS parameterizations overpredicting
diameter growth across all species and regions investigated in this study is a significant concern.
This type of bias can easily feed opportunistic forest managers and policymakers to overstate the
potential for timber volume and value growth, for carbon sequestration or climate mitigation
capacity. Based on previous experience manipulating FVS multipliers governing both growth and
mortality (Diaz et al., 2018), I also suspect a systematic bias to underpredict mortality may also be
contributing to reports of systematic bias in net growth over time (Diaz et al., 2018; Bagdon et al.,
2021; Herbert et al., 2023). Given the wide use of FVS to prepare forest management and climate
policies, and its heavy use in carbon offset programs, model recalibration to reduce systematic

biases should be a high priority for FVS research and development.
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The adoption of a decision-rule such as the HDI-ROPE that recognizes practical
equivalence in model performance offers a clear departure from a common pattern of Frequentist
and Bayesian model comparison approaches that select models based on individual information
criteria or point estimates. Had I selected individual models for each species and region based on
a single point estimate of a performance criterion such as AIC (Akaike, 1974), DIC (Spiegelhalter
et al., 2002, 2014), WAIC, or ELPD-LOO (Vehtari et al., 2017), I would have fallen back into a
pattern of proliferating alternative model forms that currently typifies FVS equations across
species and regions. In this context, the application of the HDI-ROPE approach clearly indicates
an opportunity to significantly consolidate and simplify the variety of models currently being used
across Oregon, Washington, and California without sacrificing any practically meaningful
predictive performance.

Similar to previous sensitivity analysis by Vacchiano et al. (2008), model fits in this study
indicated the tree size terms, crown ratio, and indicators of site productivity are the most influential
parameters in the Wykoff process model. Terms related to physical topography and elevation were
generally the least influential variables. The use of BAL/In(DBH +1) as the tree-level competition
variable consistently showed a strong negative effect on growth, consistent with ecological
intuition regarding competition constraining access of each individual to limited available
resources. The consistent occurrence of a positive sign on the effect of the stand- or plot-level
competition variable (BA) across all regions and species is harder to explain. In general, I would
intuitively expect stand-level competition to be negatively related to individual tree diameter
growth. The observation that tree- and stand-level competition variables were generally correlated
suggests that the model may be overparameterized, and that a single competition term or some
decomposition of competition terms may produce model behavior more consistent with ecological
principles.

The FIA dataset provided an incredibly valuable proving ground for building and testing
models. More elaborate approaches to cross validation and generalization could easily be added to
evaluate current and future modifications to FVS models. The preformatting of FIA data into FVS-
ready formats at subplot, plot, and condition levels of analysis will be particularly useful for
refitting and calibrating additional FVS models over time. Although it was not tested specifically
in this study, I expect that the specification of measurement error for both diameter tape

measurements and radial increment measurements plays a large influence on the identifiability of
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the process model parameters. The remeasurement of diameters at a 10-year interval, and the
relatively high measurement error assumed for radial increment measurements are likely to
constrain the ability to fit annualized version of the diameter growth model.

Several challenges exist in consistently estimating site productivity. Although Site Index
was eschewed from the original Wykoff model for estimating diameter growth because it was
considered unreliable for mixed-species and multi-age stands common in the northern Rocky
Mountains, Site Index is widely used in equations for diameter growth predictions across western
FVS Variants. While FVS allows users to input Site Index values for any species, it is not clearly
documented how FVS translates Site Index values for one species into another (e.g., how
productivity is estimated for Western hemlock trees when Site Index is based on measurements of
Douglas-fir site trees). To mitigate these challenge in model-fitting, I opted to convert Site Index
values into a consistent set of units in terms of potential cubic volume increment. However, site
productivity is most commonly measured in the field using Site Index, and the conversion of Site
Index to potential cubic volume increment relies upon a series of equations and yield curves. In
general, measures of site productivity commonly combine climatic, edaphic, and topographic
influences on forest growth and mortality into an integrative indicator. The utility of these
indicators, which were generally derived for single-species and even-aged forest conditions is
uncertain in a changing climate, as the underlying equations and yield curves implicitly assume
some climatic normal period. As further developments into FVS are made to consider the addition
of climatic drivers, the explanatory ability of site productivity variables should be expected to
change, evolving to reflect soil qualities related to nutrient availability or water-holding capacity
that are not captured in climatic variables. As climatic drivers are added to the model, it may be
preferable to replace proxies for site productivity like MAI or Site Index with field data related
more closely to soil qualities.

In the State Space modeling approach adopted in this study, I only incorporated
measurement error regarding individual tree measurements of diameter and radial increment. A
more robust accounting for sampling uncertainty would also recognize error in other measured
predictor variables, such as crown ratio, Site Index, and competition indicators. At the subplot-
level, competition variables are likely to be very sensitive to edge effects related to whether
individual trees near the plot edge are counted in or out of the plot. Furthermore, the scale at which

I expect competition to be affecting tree growth is more likely to be on the order of a tree height,
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which can commonly extend more than 5-10 times the reach of a subplot. In these circumstances,
I suspect the calculation of competition variables at a larger extent, such as across a whole FIA
plot or condition may be more informative estimates for the competitive environment a tree
experiences and would reduce the variation in the parameters for competition terms in the model.
This approach to utilize measurements from adjacent subplots to quantify competition variables
may justify limiting model calibration and refitting to observations of trees on the central FIA
subplot (see Figure 3.4).

Although the model form proposed here could be applied using an annualized timestep, the
choice to incorporate measurement error and allow for the propagation of process error of the
Wykoff model at each timestep limits the ability to retrieve annual estimates of growth factors
from measurements made once every ten years given the expected scale of process and
measurement errors. I suspect that the use of tree cores collected and processed using more precise
dendrochronological analysis along with diameter measurements collected more frequently than
once-per-decade may be required to confidently infer parameters for annual growth models that

meaningfully reflect and propagate effects of measurement errors and process model uncertainty.

3.5 FUTURE STUDY

The adoption of a hierarchical Bayesian State Space model opens the door to several
opportunities for enhancing the FVS model. First, the adoption of multiple observation models for
diameter tape and increment measurements can easily be applied to high-precision measurements
of diameter growth, which will become increasingly available as laboratory analyses of tree cores
that have been collected on FIA plots are released. Precisely-measured annual ring width data can
substantially improve the ability of diameter growth models to be fit at an annual timestep. The
adoption of a hierarchical model form will allow this type of model to learn from climatic and non-
climatic drivers of diameter growth across multiple regions as well, decreasing the current
experience of discrete jumps in FVS behavior when ecoregion boundaries are crossed. A
hierarchical modeling approach may also enable a significant consolidation of regional FVS
variants to cover much broader geographic areas without compromising the predictive
performance of the model in each of the regions covered.

As we start to anticipate the application of growth-and-yield in the context of a shifting

climate, we expect to see a growing occurrence of climatic conditions that are rare or novel in the
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training data if we limit a model’s view to a single ecoregion. Considering the response of a tree
species to climatic drivers are expected to be shaped substantially by genetic and physiological
attributes that are shared to varying degrees among subpopulations across a species’ distribution,
I suggest it is preferable to establish a model framework which does not assume fixed effects on
growth are independent in each ecoregion where a tree species is observed. We may be particularly
interested, for example, to consider how tree species in North America respond to climatic changes
moving towards hotter and drier conditions by learning from occurrences of that species in hotter
and drier conditions further to the south.

Prior to additional data collection and use however, it would be very informative to
evaluate the model form using simulated data to identify how much the model is able to retrieve
parameter values as the degree of measurement error for each variable increases. The conduct of
a simulation study to understand model performance on simulated data is part of emerging best
practices in Bayesian workflows (Gelman et al., 2020). Similarly, in addition to simulated data
experiments, I would also recommend exploration of more informative prior distributions for
model parameters, which are likely necessary to overcome more computationally challenging
MCMC hurdles I encountered when using error models with a Laplace distribution, for example.

Although the implementation of a fully Bayesian growth-and-yield framework is not
unprecedented (Wilson et al., 2019), I expect incremental progress to be possible and a more likely
path for the future development of the FVS model. An intermediate step to substantially increase
the reflection of model uncertainty in FVS projections could be made, for example, by storing
posterior samples of parameters for each process model, and based on a random seed, selecting
which draw from that posterior distribution to use for all parameters. This would side-step the need
to directly implement FVS models as random variables to enable stochastic forecasting, but not
yet take advantage of the full potential for data assimilation, which I suspect is further into the

future for a model like FVS.

3.6 CONCLUSION

The current variety of diameter growth equations across species and regional variants in
FVS does not appear to be justified by any practical improvement in predictive performance
compared to the adoption of a single version of the Wykoff diameter growth model that drops

several of the terms currently being used in FVS. I would strongly encourage the simplification
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and consolidation of FVS diameter growth models across western FVS Variants, and the
consideration of a multi-regional version of the model covering a larger span of existing FVS
Variants. This need for FVS recalibration is also clearly motivated by a growing number of studies
finding systematic bias of FVS in several western Variants to overpredict forest growth.

The FIA dataset offers an unprecedented proving ground to consistently refit and evaluate
FVS’s predictive performance against diverse forest conditions in transparent, reproducible, and
unbiased way. I encourage the development of a turn-key recalibration workflow for updating FVS
component models as new FIA data are released each year, and reporting of FVS model
performance against FIA data as part of the documentation and release of new versions of the
software. The State Space modeling framework, model comparison approach, and Bayesian data
analysis more generally offer substantial opportunities to enhance the Forest Vegetation Simulator
and to increase transparency and confidence in the development, maintenance, and application of
this software to support improved forest management and conservation in the United States and

beyond.

3.7 SUPPLEMENTARY MATERIALS

The Forest Carbon Modeling Group (FCMGQG) recently emerged as a working group
organized by researchers from the US Forest Service (USFS) and National Council for Air and
Stream Improvement to identify a set of research and development priorities for forest carbon
modeling. Over the first few months of 2023, the FCMG convened several meetings with 85
participants from academia (23), government (21), industry (36), and non-governmental
organizations (5) with diverse expertise and professional experience in forest and carbon modeling.
This group has placed particular focus on identifying opportunities to improve the Forest
Vegetation Simulator (FVS). Participants were polled to gauge the importance they assigned to 15
different topics related to “Platforms and Accessibility” of the FVS software, rating each topic
from a scale of 1 (low priority) to 5 (high priority). Results from polling of FCMG participants
were shared via e-mail in a draft report and excerpted here (US Forest Carbon Modeling Group,

in preparation).
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Table S3.10. Prioritization of FVS research and development topics by the Forest Carbon
Modeling Group.

Rank Topic EDU GOV COM ORG Al

1 Include models that can adequately model management for all forest 417 444 418 425 426
types and ownerships (e.g., industrial), not just those built on data from
federal lands

2 Dynamically calibrate FVS with FIA data on growth/mortality rates 356 490 391 425 416
and/or address differences in growth or mortality across ownerships to
help address shortcomings

3 Create partnerships with forestry research cooperatives to obtain models 4.00 4.30 3.77 4.25 4.08
for updating and improving FVS

4 Analyze FVS models for strengths, weaknesses, opportunities, threats 378 420 3.64 425 3097
(SWOT)

5 Create a more robust propagation of uncertainty to approach total 389 4.00 355 425 392
uncertainty

6 Improve FVS documentation to enhance accessibility: 1) What should  3.44 433 341 450 3.92
and shouldn’t be modified in FVS by variant; and 2) Model parameters
and what can be adjusted to better calibrate the model

Improve tree form, mortality, and regeneration models 383 470 338 3.75 392

8 Make FVS platform independent, where code is more broadly applied, 3.44 344 3.18 4.50 3.64
understood, and accessible

9 Integrate FVS with spatially explicit processes to extend its capabilities 3.56 3.50 2.76 3.50 3.33

10 Determine if FVS could be developed for modeling larger scales (i.e., 3.17 344 264 400 3.31
upscaling; aggregation from stand- to landscape-level).

11  Move beyond the “variant” paradigm to a more comprehensive system  3.33  3.70 3.14 3.00 3.29
that is less jurisdictionally dependent

12 Include more variables (e.g., belowground carbon, maximum basal 333 356 282 3.00 3.18
area, and site class modeling)

13 Incorporate more complex silviculture within a site and adjacent areas ~ 3.67 2.78 3.55 225 3.06
14 Offer tiered scales that allow for bringing in local variables 3.17 378 268 250 3.03

15 Separate growth and yield versus carbon 272 2,67 352 200 273
accounting/modeling/estimation as separate FVS components

Notes: Values in each cell represent the average rating among respondents within each of four
groups: academia (EDU); government (GOV); industry (COM); and non-profit (ORG). “All”
shows the average with each group receiving equal weight. Table excerpted from an
unpublished FCMG draft report (US Forest Carbon Modeling Group, in preparation).
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Fitting a Chapman-Richards model to impute missing tree heights

As mentioned briefly in the main text, trees without field-observed total heights in the FIA
dataset were imputed using a newly fitted regression equation. I used a Chapman-Richards model

form to relate tree height from diameter at breast height:
H= 45+ by * (1 — e P1P)b2 (3.13)

where H is estimated total tree height, D is diameter at breast height (4.5 feet), b, represents
an asymptote for the maximum height above breast height for that tree species, and b; and b, are
shape parameters.

Total tree height was defined to follow a normal distribution with error in height

predictions increasing with increasing diameter:
H~N(H,o +yD) (3.14)

where H is the distribution of predicted tree heights, o represents the minimum amount of
variation in height estimates regardless of tree size, and y encodes an additional amount of
variation that increases linearly with tree diameter (D). An inverse gamma prior was defined for o
as 0 ~ 1G(1.0,20.0). A uniform prior was defined for y as y ~ U(0, 10). Each b parameter was
constrained to be positive and modeled to

follow a gamma distribution, parameterized ~ Table S3.11. Hierarchical parameterization of
Chapman-Richards height-diameter model
Hierarchical Priors

by converting estimates of the mean and

standard deviation for the distribution into  Parameter

mean standard deviation
concentration and rate parameters. The T e G(200, 150) 1G(1.0, 20.0)
model was fit using a hierarchical form, by G(0.1,0.1) 1G(0.1,0.1)
with distinct parameters estimated for each bs G(1.5,1.0) 1G(1.0, 3.0)

FVS Location, drawn from a shared parent Note: parameters given above for Gamma (G)

distribution across all FVS Locations. Each  distributions are defined using mean and
standard deviation, not concentration and rate.
Parameters for inverse gamma (IG) distributions
drawn from a Gamma distribution with are concentration and rate.

b parameter for each FVS Location was

mean and standard deviation as displayed in
Table S3.37.

The model for each species was fit using MCMC sampling with three chains using the No
U-Turn Sampler (NUTS) with 5,000 burn-in (discarded) samples followed by 1,000 retained
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samples. MCMC convergence was confirmed using the Gelman-Rubin R-hat statistic and visually
through traceplots and kernel density estimates. Posterior predictive checks were also made to
compare how the distributions of predicted heights compare to observed heights.

Model Comparison: Ponderosa pine
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Figure S3.12. Unpooled model comparison with multiple performance metrics: Ponderosa
pine.

These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R°, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: Western hemlock
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Figure S3.13. Unpooled model comparison with multiple performance metrics: Western
hemlock.

These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R’, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: White fir
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Figure S3.14. Unpooled model comparison with multiple performance metrics: White fir
These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R’, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: Pacific silver fir

MAE RMSE BIAS

Benchmark (Simple Model)
BALLNDBH-BA

Candidate {Full Model)

OO0 e

BALLNDBH-CCF Candidate {Simple Model)

ROPE

BALLNDBH-LNBA

BAL-BA 1

BAL-CCF

BAL-LNBA -

RELHT-BA

RELHT-CCF A

RELHT-LNBA

%%%%%%%%%
A TR
IRy

?
%%%%%%%%#

0.54 0.56 0.800 0.825 0.850 0.875 0.56 0.57 0.58 0.00 0.01 0.02
[inches] [inches] [unitless] linches]

Figure S3.15. Unpooled model comparison with multiple performance metrics: Pacific
silver fir.

These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R’, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: Mountain hemlock
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Figure S3.16. Unpooled model comparison with multiple performance metrics: Mountain
hemlock.

These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R’, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: Western redcedar
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Figure S3.17. Unpooled model comparison with multiple performance metrics: Western
redcedar.

These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R’, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: Canyon live oak
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Figure S3.18. Unpooled model comparison with multiple performance metrics: Canyon
live oak.

These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R’, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: Tanoak
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Figure S3.19. Unpooled model comparison with multiple performance metrics: Tanoak.
These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R°, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: Red alder
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Figure S3.20. Unpooled model comparison with multiple performance metrics: Red alder.
These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R’, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: California black oak
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Figure S3.21. Unpooled model comparison with multiple performance metrics: California
black oak.

These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R’, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: Pacific madrone
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Figure S3.22. Unpooled model comparison with multiple performance metrics: Pacific
madrone.

These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R’, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: Coast redwood
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Figure S3.23. Unpooled model comparison with multiple performance metrics: Coast
redwood.

These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R’, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: Bigleaf maple
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Figure S3.24. Unpooled model comparison with multiple performance metrics: Bigleaf
maple.

These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R’, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Model Comparison: Noble fir
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Figure S3.25. Unpooled model comparison with multiple performance metrics: Noble fir.
These graphs illustrate the performance of the unpooled benchmark model (SIMPLE-
BALLNDBH-BAL) as well as the 17 other unpooled candidate models using Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), Bayesian R’, and average bias. These
performance metrics are calculated from all tree observations across the four focal FVS
Variants. The combination of stand-level and tree-level competition variables used in each
model are labeled at the left side of the graphs. The number inside each dot indicates the rank
of the model based on the model’s average for that performance metric across the four focal
FVS Variants. The location of each dot along the x-axis indicates the mean value for the
performance metric, and horizontal lines (if visible beyond the dot) indicate the standard
deviation of the performance metric. The benchmark model is filled in black, while simple-
form candidate models are hollow, and full-form candidate models are filled in gray. The
vertical gray bar in the MAE graph is intended to illustrate the approximate size of the Region
of Practical Equivalence employed in HDI-ROPE tests. However, it is worth noting the HDI-
ROPE test was applied in each region independently (as opposed to using a single ROPE
across all regions as shown above). The HDI-ROPE test was also applied using the 90%
highest posterior density interval, as opposed to the mean +/- the standard deviation.
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Figure S3.26. Posterior
distributions of
parameters for the
hierarchical
benchmark model for
Ponderosa pine.
Posterior distributions
for each parameter of
the partially pooled
SIMPLE-BALLNDBH-
BA model are displayed
in two ways: kernel
density plots of the
probability density for
the parameter values are
shown in the left column
of plots; and trace plots
showing the values from
the parameter over
1,000 steps of the
MCMC sampler in the
right column of plots.
Colors are employed in
kernel density plots and
trace plots to distinguish
the parameters fit for
each FVS Variant
(shown as “Ecoregion”
in the figure legends).
The prior distribution
used for each parameter
is shown as a black line
in the kernel density
plots. The means and
standard deviations of
each parameter
visualized here are
reported in Table 3.7.
Parameter values
displayed are for
standardized covariates
to allow the sign and
magnitude of regression
coefficients to be
compared.
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Figure S3.27. Posterior
distributions of
parameters for the
hierarchical
benchmark model for
Western hemlock.
Posterior distributions
for each parameter of
the partially pooled
SIMPLE-BALLNDBH-
BA model are displayed
in two ways: kernel
density plots of the
probability density for
the parameter values are
shown in the left column
of plots; and trace plots
showing the values from
the parameter over
1,000 steps of the
MCMC sampler in the
right column of plots.
Colors are employed in
kernel density plots and
trace plots to distinguish
the parameters fit for
each FVS Variant
(shown as “Ecoregion”
in the figure legends).
The prior distribution
used for each parameter
is shown as a black line
in the kernel density
plots. The means and
standard deviations of
each parameter
visualized here are
reported in Table 3.7.
Parameter values
displayed are for
standardized covariates
to allow the sign and
magnitude of regression
coefficients to be
compared.
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Canyon live oak
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Figure S3.32. Posterior
distributions of
parameters for the
hierarchical
benchmark model for
Canyon live oak.
Posterior distributions
for each parameter of
the partially pooled
SIMPLE-BALLNDBH-
BA model are displayed
in two ways: kernel
density plots of the
probability density for
the parameter values are
shown in the left column
of plots; and trace plots
showing the values from
the parameter over
1,000 steps of the
MCMC sampler in the
right column of plots.
Colors are employed in
kernel density plots and
trace plots to distinguish
the parameters fit for
each FVS Variant
(shown as “Ecoregion”
in the figure legends).
The prior distribution
used for each parameter
is shown as a black line
in the kernel density
plots. The means and
standard deviations of
each parameter
visualized here are
reported in Table 3.7.
Parameter values
displayed are for
standardized covariates
to allow the sign and
magnitude of regression
coefficients to be
compared.



Tanoak Figure S3.33. Posterior
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Red alder
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Figure S3.34. Posterior
distributions of
parameters for the
hierarchical
benchmark model for
Red alder.

Posterior distributions
for each parameter of
the partially pooled
SIMPLE-BALLNDBH-
BA model are displayed
in two ways: kernel
density plots of the
probability density for
the parameter values are
shown in the left column
of plots; and trace plots
showing the values from
the parameter over
1,000 steps of the
MCMC sampler in the
right column of plots.
Colors are employed in
kernel density plots and
trace plots to distinguish
the parameters fit for
each FVS Variant
(shown as “Ecoregion”
in the figure legends).
The prior distribution
used for each parameter
is shown as a black line
in the kernel density
plots. The means and
standard deviations of
each parameter
visualized here are
reported in Table 3.7.
Parameter values
displayed are for
standardized covariates
to allow the sign and
magnitude of regression
coefficients to be
compared.



California black oak
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Figure S3.35. Posterior
distributions of
parameters for the
hierarchical
benchmark model for
California black oak.
Posterior distributions
for each parameter of
the partially pooled
SIMPLE-BALLNDBH-
BA model are displayed
in two ways: kernel
density plots of the
probability density for
the parameter values are
shown in the left column
of plots; and trace plots
showing the values from
the parameter over
1,000 steps of the
MCMC sampler in the
right column of plots.
Colors are employed in
kernel density plots and
trace plots to distinguish
the parameters fit for
each FVS Variant
(shown as “Ecoregion”
in the figure legends).
The prior distribution
used for each parameter
is shown as a black line
in the kernel density
plots. The means and
standard deviations of
each parameter
visualized here are
reported in Table 3.7.
Parameter values
displayed are for
standardized covariates
to allow the sign and
magnitude of regression
coefficients to be
compared.



INTERCEPT

Pacific madrone

INTERCEPT

Ecoregion
— CA  —— WC
— e —ws

. 1w AT e ol o e

200 400 600

In{DBH)
Ecoregion
— T — O 0.75
S —
—_— PN = Priar 0.50
0.25
-1.5 —-1.0 —0.5
DBH*<2 DBH**2
Ecoregion
—h —
—_— NG —— WS
PN w—Frigr -0.25
-0.50
-0.75
-1s ~10 —0.5 0.0 0.5 10 1 200
In{MAI} In{MAIl}
Ecoregion
— o — e
— e — s . 0.5
— N — prior f\
I\ A LA LA U L ASPLRP IR [T Y
0.0 vk W b A
BOO BOO
SLOPE

Ecoregion

— O — O 02
—_— NC  — WS
— N — Prior 0.0
R — —0.2
-15 —io —05 va s 10 15
ELEV ELEV
Ecoregion ft
—_—h — wWe I 0.5
— e —ws [ \ \
— PN = Prlor it i il nﬁ thid,
o S mm.l"u,wdmﬂ,w.M.m,m LY
- ~05
-15 -1.0 -0.5 0.0 0.5 L0 15 0 200 400 600 800
CROWN RATIO CROWN RATIO
Ecoregion ft 0.75
— A — O
— W — T
—m = 2 Wt e oot A P
025
L —
15 “io —0.5 00 05 10 15 o 200 a00 500 800
BAL/\H (DBH) BAL/In{DBH)
Ecoregion
—CA WO 0.00
— e — s
— N — For ~0.25 Y |
-050
——
-1s
Ecoregion
— . — e
— o —ws
— o — prlr
-15 -To —0.5 w0 05 10 15 200 a00 500 800
FVS LOCATION Randorm Effect FVS LOCATION Random Effect
Random Effects 1.0
—— Effects  —— Prior a1
/- il 0.5
/ 0.0
U . -0.5
-15 -L0 -0.5 0.0 0.5 Lo 15 0 200 a00 500 500

FIA PLOT Random Effect

FIA PLOT Random Effect

Random Fffects
— ffects  =— Prior

24
200 400 600 B0
In(DDS) Error
L5
10 T A ey Ao -w"w'\!._’pw bl P TR
0.5
0 200 400 600 800

Page 208 of 225

Figure S3.36. Posterior
distributions of
parameters for the
hierarchical
benchmark model for
Pacific madrone.
Posterior distributions
for each parameter of
the partially pooled
SIMPLE-BALLNDBH-
BA model are displayed
in two ways: kernel
density plots of the
probability density for
the parameter values are
shown in the left column
of plots; and trace plots
showing the values from
the parameter over
1,000 steps of the
MCMC sampler in the
right column of plots.
Colors are employed in
kernel density plots and
trace plots to distinguish
the parameters fit for
each FVS Variant
(shown as “Ecoregion”
in the figure legends).
The prior distribution
used for each parameter
is shown as a black line
in the kernel density
plots. The means and
standard deviations of
each parameter
visualized here are
reported in Table 3.7.
Parameter values
displayed are for
standardized covariates
to allow the sign and
magnitude of regression
coefficients to be
compared.
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Figure S3.37. Posterior
distributions of
parameters for the
hierarchical
benchmark model for
Coast redwood.
Posterior distributions
for each parameter of
the partially pooled
SIMPLE-BALLNDBH-
BA model are displayed
in two ways: kernel
density plots of the
probability density for
the parameter values are
shown in the left column
of plots; and trace plots
showing the values from
the parameter over
1,000 steps of the
MCMC sampler in the
right column of plots.
Colors are employed in
kernel density plots and
trace plots to distinguish
the parameters fit for
each FVS Variant
(shown as “Ecoregion”
in the figure legends).
The prior distribution
used for each parameter
is shown as a black line
in the kernel density
plots. The means and
standard deviations of
each parameter
visualized here are
reported in Table 3.7.
Parameter values
displayed are for
standardized covariates
to allow the sign and
magnitude of regression
coefficients to be
compared.



Bigleaf maple
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Figure S3.38. Posterior
distributions of
parameters for the
hierarchical
benchmark model for
Bigleaf maple.
Posterior distributions
for each parameter of
the partially pooled
SIMPLE-BALLNDBH-
BA model are displayed
in two ways: kernel
density plots of the
probability density for
the parameter values are
shown in the left column
of plots; and trace plots
showing the values from
the parameter over
1,000 steps of the
MCMC sampler in the
right column of plots.
Colors are employed in
kernel density plots and
trace plots to distinguish
the parameters fit for
each FVS Variant
(shown as “Ecoregion”
in the figure legends).
The prior distribution
used for each parameter
is shown as a black line
in the kernel density
plots. The means and
standard deviations of
each parameter
visualized here are
reported in Table 3.7.
Parameter values
displayed are for
standardized covariates
to allow the sign and
magnitude of regression
coefficients to be
compared.



Noble fir
INTERCEPT INTERCEPT
- a
Ecoregion
— BM  — PN
— o — o 3
— o — e
—_— = Prior
T 2
0.0 o5 10 1.5 20 25 0 35 4.0 0 200 400 600 800
In{DBH) In{DBH)
Ecaregion
— DM
— A — 50 1.0
— EC —_— e
— —Prior
— e 05
-1.5 -10 -05 0.0 05 1.0 1.5 0 200 400 600 800
DBH=+2 DBH#*+2
Ecoregion
— B —
—— LA —— 50 00
— L —
—F — prior -
—NC -05
—
-15 -10 -0 0.0 05 1.0 15 0 200 200 600 800
In{MAI) In{MAI)
Ecoregion
— M — 05
— A =D
— . —
—E  — Prior 0.0
— ne
-15 -10 -05 0.0 05 1.0 15 0 200 400 600 800
SLOPE SLOFE
Ecaregion
— O —PN 0.5
— CA  —— 50
— B — W
—E =P 00
— NC
-0.5
-15 -10 -05 0.0 05 1.0 15 0 200 400 600 800
ELEV ELEV
Ecaregion
— BN —— PN
—CA =50 0o
— L —C
—_— = Prior
—NC
-0.5
e —
-15 -10 -05 0.0 0.5 1.0 15 0 200 400 600 800
CROWN RATIO CROWN RATIO
Ecoregion
o BM PN
A S0 10
— EC —_— e
— —Friar
— e 05
-L5 -10 -05 0.0 05 1.0 1.5 o 200 400 600 B0O
BAL/In(DBH) BAL/In{DBH)
Ecaregion
0N —FN
— o — s
— B —wC
— £ = Prior
— N
-15 “10 —as 0.0 o 10 15
BA
Ecaregion 05
— o — Py
— o — 0
— o —
—F  — o 0o
— He
i
-L5 -1.0 -3 0.0 05 10 1.5 0 200 400 500 800
FVS LOCATION Random Effect FVS LOCATION Random Effect
Randorm Effects ft 1
— Efecls  — Prior
o
-1.5 -10 -05 0.0 05 1.0 1.5 o 200 400 600 800
FIA PLOT Random Effect FIA PLOT Random Effect
Randam Fffects I 2
—— fffects  =—Priar
0
-2
200 400 600 800
In{DDS} Error

Page 211 of 225

Figure S3.39. Posterior
distributions of
parameters for the
hierarchical
benchmark model for
Noble fir.

Posterior distributions
for each parameter of
the partially pooled
SIMPLE-BALLNDBH-
BA model are displayed
in two ways: kernel
density plots of the
probability density for
the parameter values are
shown in the left column
of plots; and trace plots
showing the values from
the parameter over
1,000 steps of the
MCMC sampler in the
right column of plots.
Colors are employed in
kernel density plots and
trace plots to distinguish
the parameters fit for
each FVS Variant
(shown as “Ecoregion”
in the figure legends).
The prior distribution
used for each parameter
is shown as a black line
in the kernel density
plots. The means and
standard deviations of
each parameter
visualized here are
reported in Table 3.7.
Parameter values
displayed are for
standardized covariates
to allow the sign and
magnitude of regression
coefficients to be
compared.
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