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Abstract
Improving Methods to Validate Forest Growth and Quantify Landscape Tradeoffs in Fire Prone
Ecosystems
by
Claudia Herbert
Doctor of Philosophy in Environmental Science, Policy, and Management
University of California, Berkeley

Professor Van Butsic, Chair

Land system sciences offer techniques to study tradeoffs and solutions for ecosystems that are
vulnerable to—and solutions for—climate change. This dissertation investigates tradeoffs for fire,
forest, and carbon management in California. Throughout this work, I focus on methods to improve
inference using remote sensing, spatial data analysis, and quasi-experimental methods. In the first
chapter, I test assumptions about green landscapes as solutions to threats of fire. I use remote
sensing and causal inference techniques to test whether green landscapes can alter fire severity and
limit fire spread around communities, using golf courses as an example. I find that golf courses act
as buffers, reducing fire severity by 49% relative to similar burned vegetation and that golf courses
limit fire spread better than other vegetated landscape like regional parks. In the second chapter, 1
evaluate models used to make management decisions and discuss how errors from these models
have landscape and policy implications. I conduct a model validation study for the widely used
Forest Vegetation Simulator and find a significant overestimate in predicted growth rates relative to
observed growth. I find that these errors in carbon growth rate are most pronounced on national
forest lands, for stands aged 50-100 years old, forests managed as reserves, and for the least
productive forest sites. Model assumptions of higher productivity than the observed growth will bias
management away from more proactive silviculture techniques and can overestimate their impacts as
a natural climate solution. In the third chapter, I document how land use policies for forests create
tradeoffs that may undermine policymakers’ objectives. I explore how operationalizing carbon
management in forests creates tradeoffs between sustaining high levels of biomass, and carbon, and
removing biomass to promote forest structures that are more resistant to disturbance. I find that
forests managed for carbon credits are not changing fuels like forests managing for fire risk but are
having changes in vegetation greenness as if they were. Throughout this work, I demonstrate how
the application of rigorous methods of measurement and estimation can support improved decisions
that deliver climate and ecosystem benefits for California.
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Introduction

Managing natural resources often has distributed costs and benefits that creates winners and losers.
How these distributions appear across different scales—spatially and temporally—is a part of land
systems sciences (Meyfroidt et al. 2022). For example, land managers make practical decisions on the
use of available resources to reduce near-term fire risk while weighing the cost of additional resource
inputs. They may also use models to support their decision-making without clarity on how model
assumptions may inaccurately predict vegetation dynamics. Resource managers may also consider
establishing new streams of income like carbon credits to help subsidize management that may create
new constraints or incentives for how they weigh risk of fire. In these scenarios and others, improving
the measures and methods for researchers and managers may be a key intervention in supporting
better land use outcomes. Monitoring the initial outcomes of resource decisions and considering
unintended consequences can gear land management policies towards more win-wins or less lopsided
distributions in costs and benefits.

In this dissertation, I address questions that involve tradeoffs at the intersection of fire, forest, and
carbon management in California. Chapter 1 asks whether irrigated green landscapes protect
communities from fire. By establishing whether irrigated landscapes can protect communities and
quantifying their buffering effect, the resources required to maintain these irrigated landscapes can be
weighed against the potential benefit. Next, open-access, spatially comprehensive forest vegetation
models like the Forest Vegetation Simulator are important for landscape forest management, but these
models may lack accuracy. Chapter 2 asks: how valid is this openly accessible model, and for which
lands does the model perform better? By understanding whether the model produces valid growth
predictions and where the errors are more pronounced, resources can be targeted for model calibration
and improvement. Finally, Chapter 3 asks: how do policies incentivizing increasing aboveground
carbon manage the associated fire risk? Understanding how forest carbon projects manage fire risk
can help inform what tradeoffs they may create with fire and other disturbance risks. This dissertation
combines existing methods and datasets in innovative analyses to answer these questions.

To collect data for this research, I use a combination of remote sensing and spatial data science to
adapt existing datasets to be used in quasi-experimental designs. Remote sensing has been an
important tool in land system sciences (Dong et al. 2019). Open access datasets and cloud-based image
processing hosted on platforms like Google Earth Engine have increased the capacity of researchers
generating more specialized remote sensing analysis (Gorelick et al. 2017). This boon in image
processing lets researchers test assumptions and generate data at previously cost-prohibitive scales. I
also rely on open-source data collected by groups like OpenStreetMap and publicly available datasets
collected by public agencies like National Aeronautics and Space Administration (NSAS), United
States Geological Survey (USGS), and the United States Forest Service. Open access and existing
datasets are often available in more regions and have long archives that allow the methods
demonstrated in this dissertation to be adapted to other contexts and periods.

To analyze data collected for this research, I use inferential statistics, including in quasi-experimental
designs. Inferential statistics and multivariate analyses improve our ability to understand associations
where many attributes can differ between observations over time. Using statistical methods, I estimate
how biophysical factors explain historic outcomes. In Chapters 1 and 3, I design tests to improve
comparison between groups of observed factors using quasi-experimental designs. These studies



leverage propensity score matching as a method to create control groups, which improve our ability
to estimate how different treatments compare. Many research questions that relate to land system
sciences want to establish causal order, but randomized controlled trials are likely impractical for the
problems I investigate. The quasi-experimental methods I apply to these research questions offer a
rigorous, data-driven approach that can better establish internal and external validity than other
observational methods.

In Chapter 1, I quantify how a given landscape has altered fire severity and limited fire spread using
empirical observations of fires between 1986 through 2020. Prior to this work, green landscapes like
golf courses or vineyards were commonly thought to offer a buffering effect between wildland fires
and built infrastructure like housing developments (Chirouze et al. 2021; P. Gross 2008). This research
pulls from satellite imagery, datasets of golf course locations, and several other biophysical variables
to 1) test whether this buffering effect can be observed in the data and ii) quantify the strength of the
effect. Simply comparing fire severity outcomes on golf courses with non-golf course vegetation
would lead to a finding of a buffering effect, because golf courses probably differ from non-golf
courses in ways that would confound a comparison. I use propensity score matching to identify similar
non-golf course controls and perform a multiple linear regression to estimate the treatment effect of
a golf course relative to similar non-golf course vegetation. Another way a golf course could buffer a
community is by not burning—i.e., stopping fire spread. Observing that golf courses frequently occur
on the boundaries of fire perimeters is not an endorsement that they limit fire spread. I develop a way
of comparing a given landscape’s overlap with a fire perimeter to establish how that landscape limits
fire spread relative to other types of landscapes.

In Chapter 2, I perform a model validation study and find that the errors produced by the Forest
Vegetation Simulator (FVS) are greater for some forest conditions than others. These non-random
errors are important for informing model calibration and for identifying areas of needed model
improvement. In the largest model validation study of FVS spanning four model variants, I first
compare model outputs with real world observations using equivalency tests. To further diagnose
where these model predictions are inaccurate, I use linear regression and prediction to estimate the
amount of error the model produces across different types of forest properties and growing
conditions. This method lets me estimate the size and direction of error (e.g., under or overestimate).
Forest vegetation models like FVS are one way people make long term decisions about managing
forests. I find that at a decadal projection, the model predictions of growth are not like the observed
growth rate. This presents a problem because the expected growth from this model will be both
unrealistic and more pronounced systematically for the same types of forests.

In Chapter 3, I estimate the management and trends in vegetation productivity for forests that are
generating carbon credits as improved forest management (IFM) projects under California’s
compliance market. Using propensity score matching in a quasi-experimental design, I compare these
results to management in forests that have received fuel treatments to assess how carbon management
manifests in forest practices. I find that between 2016 and 2020, the average forest carbon project in
California was not altering fuel loads consistent with fuel management. Using a Kendall-Mann test for
vegetation trends on a timeseries of satellite imagery, I find a declining trend in vegetation greenness
for IFM projects in the North Coast, which is a proxy for vegetation productivity. Vegetation
greenness on IFM projects in both the North Coast and Southern Cascade regions declined in
greenness at a similar rate to forests that received fuel treatments. Because we observed that these
projects are not reducing fuels, which could cause a decline in vegetation greenness, I conclude the
management the is occurring within these forests is not improving forest health or reducing fire risk.
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My research is designed to help close gaps between assumptions and system-level drivers using
available data to inform decision making. California is a compelling research setting because it shares
a physical climate with other places (e.g., Mediterranean, Australia) while having a singular climate for
policy on climate action (Sneeuwjagt, Kline, and Stephens 2013; Stephens et al. 2009). In addition,
California is a leader in environmental and climate action, making insights learned here more able to
inform policy intervention (Vogel and Kagan 2002). The investment in public datasets and the state-
lead commitment to mitigating climate change make it a promising setting to study these resource
management questions.



References

Chirouze, M.; et al. 2021. “Quantifying Insurance Benefits of a Nature-Based Approach to Reducing
Risk: Wildfire Risk Reduction Buffers.”
https://www.marshmclennan.com/content/dam/mmc-
web/insights /publications/2021/december/MMC_TNC_Quantifying Insurance_Benefits.
pdf.

Dong, Jinwei et al. 2019. “Remote Sensing and Geospatial Technologies in Support of a Normative
Land System Science: Status and Prospects.” Current Opinion in Environmental
Sustainability 38: 44-52. https://linkinghub.elsevier.com/retrieve/pii/S1877343519300041.

Gorelick, Noel et al. 2017. “Google Earth Engine: Planetary-Scale Geospatial Analysis for
Everyone.” Remote Sensing of Environment 202: 18-27.
https:/ /linkinghub.elsevier.com/retrieve/pii/S0034425717302900.

Gross, P. 2008. “Golf Courses on the Fire Line.”
https://gstpdflib.msu.edu/?file=/2000s/2009/091113.pdf.

Meyftroidt, Patrick et al. 2022. ““Ten Facts about Land Systems for Sustainability.” 119(7): 1-12.

Sneeuwjagt, Rick J., Tim S. Kline, and Scott L. Stephens. 2013. “Opportunities for Improved Fire
Use and Management in California: Lessons from Western Australia.” Fire Ecology 9(2): 14—
25.

Stephens, Scott L et al. 2009. “Urban—Wildland Fires: How California and Other Regions of the US
Can Learn from Australia.” Environmental Research Letters 4(1): 014010.
https://iopscience.iop.org/article/10.1088 /1748-9326/4/1/014010.

Vogel, D., and R. Kagan. 2002. “Dynamics of Regulatory Change: How Globalization Affects
National Regulatory Policies An Introduction.” National Regulations in a Global Economy:
1-28.



Chapter 1: Assessing the effectiveness of green landscape buffers to re-
duce fire severity and limit fire spread in California: Case study of golf
courses

Claudia Herbert, Van Butsic

This article has been published previously and is reproduced here with permission from co-authors and the Graduate
Division

Herbert C, Butsic V. Assessing the Effectiveness of Green Landscape Buffers to Reduce Fire
Severity and Limit Fire Spread in California: Case Study of Golf Courses. Fire. 2022; 5(2):44.
https://doi.org/10.3390/ fire5020044

Abstract

Communities looking to improve fire protection may consider incorporating landscape features that
‘buffer’ the effects of a fire between developed and undeveloped lands. While landscapes such as
golf courses, vineyards, or agriculture are already being considered part of this buffer zone, few
empirical studies demonstrate causally how well these different landscape features operate as a fire
buffer. This research selects golf courses as an example of a possible buffer landscape and proposes
methods to test if this buffer alters fire severity and limits fire spread. Using propensity score
matching and multiple linear regression, we demonstrate golf courses that burned in California
between 1986 and 2020 had a predicted 49% reduction in fire severity relative to otherwise similar
vegetated land. This reduction in fire severity is regionally dependent, with the effect of golf course
buffering landscapes most pronounced in the North Bay region. For limiting fire spread, golf
courses function similarly to hardscaped land uses such as airports, suggesting that irrigation and
vegetation management can be effective in creating desired buffering qualities. These methods
suggest that artificially created irrigated green zones act as effective buffers, providing de facto fuel
breaks around communities, and can be reproduced for other potential buffering landscape features.
This study does not advocate for the use of any specific anthropo-genic landscape feature, but rather
highlights that community-based fire hazard reduction goals could be attained through considering
landscape features beyond fuel reduction manipulations.

Keywords: WUI; vegetation fire; propensity score matching; fire severity; landscape ecology



Introduction

Increasingly destructive fire seasons in the Western United States underscore the need for people
and communities to proactively plan for living with fire (Keeley and Syphard 2019; Kramer et al.
2019; Schoennagel et al. 2017). A suite of approaches, ranging from reducing fuels near homes to
changing building materials or the spatial configuration of buildings, are considered fire risk
mitigation strategies. These mitigation strategies are actions people or communities can take prior to
a fire to reduce the harm from a fire event or reduce the chance of ignition (Calkin et al. 2014;
Moritz et al. 2014). Fire risk mitigation strategies can occur across a range of spatial scales, from the
individual building to the neighborhood or community level (Moritz and Butsic 2020). Regardless of
the spatial scales over which these strategies are implemented, their core purpose is to slow or
prevent fires from spreading, hopefully reducing fire intensity enough to provide opportunities for
fire suppression agencies to safely control fire spread. Such strategies require maintenance to retain
the same fire behavior-altering benefits over time (Agee et al. 2000).

At the community and neighborhood scales, strategic land use planning in the Wildland Urban
Interface may be an effective wildfire risk mitigation tactic. Strategic planning includes considering
how to arrange different land uses to benefit from changes in fuel availability or conditions. An
example is to ‘buffer’ between vegetated lands and human developments (M. Moritz and Butsic
2020). Proponents of buffering communities point to landscape features such as orchards, vineyards,
parks, and golf courses as landscapes that could interrupt fuel continuity and limit wildfire spread,
acting as de facto fuel breaks (Chirouze et al. 2021). A benefit of this approach is that these are often
economically generating land uses, so the upkeep necessary to deliver the fire risk benefit is tied to
its productive activities; therefore, fire risk benefits happen without policy interventions or public
funding, differing from more traditional fuel break maintenance. While the idea of incorporating
buffering landscapes seems intuitive, outside of case studies, there is limited empirical evidence
across broad spatial scales to quantify the impact of such buffer zones (Chirouze et al. 2021; Patrick
Gross 2008).

One reason for this lack of evidence is that it is methodologically difficult to quantify buffering
effects across a range of geographies. To formalize whether a landscape feature acts as a ‘buffer,” we
propose that effective buffers should both (i) reduce fire severity when burned and, (i) more
optimistically, not burn—Ilimiting fire spread, either by not having enough fuel to carry fire or by
providing access for suppression. By quantifying these two properties, we can measure a given
landscape feature’s buffering capacity, allowing it to be evaluated against competing land uses or fire
risk mitigation strategies.

Fire severity is a measure of biomass or soil change used to gauge how intensely an ecosystem was
impacted by fire (Lentile et al. 20006). It is directly related to the amount of energy a fire produced,
also called fire intensity (Keeley 2009). When fire intensity is high, direct fire sup-pression is less
effective and carries greater risk for fire suppression crews (National Wildfire Coordinating Group
n.d.). Reduced fire severity can indicate areas of reduced fire intensity, possibly providing
opportunity for effective fire suppression. However, trying to establish that a landscape reduces fire
severity causally requires a control observation to compare outcomes. Using golf courses as an
example, identifying a control group can be difficult outside of experimental settings because factors
that influence where a golf course is located could also influence fire severity, such as slope,
vegetation type, or vegetation moisture. Therefore, establishing that a reduction in severity occurred
on a buffer requires identifying statistically similar controls that burned in the same fire or under
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similar conditions. Fortunately, pre-processing methods such as propensity score matching are an
established method for identifying such quasi-experimental controls and have been used in
numerous land use policy evaluations (Butry 2009; Butsic et al. 2017; Ramsey et al. 2019; Woo,
Eskelson, and Monleon 2021). With a pre-processed dataset, analysis such as linear regression can be
used to predict treatment effect of buffers on fire severity.

Second, an effective buffer should not burn, either because it is not flammable or because it
provides access for suppression. If a landscape feature does not carry fire when a fire approaches, it
could be considered to limit fire spread. However, limiting fire spread is another challenging concept
to test using observational data. One approach could be comparing fire boundaries with buffering
landscape features to examine the frequency of certain types of landcovers near a fire edge.
However, observing a landscape feature at the edge does not necessarily indicate that the landscape
feature had a special property that limited fire spread. Instead, a landscape feature could occur near a
fire edge due to chance or due to an unrelated process such as ease of delineating a cartographic
boundary near an established edge of a large landscape feature. For possible buffering landscapes
that are observed near a fire edge, we could test if there is something special about the type of
landscape by comparing it with otherwise similarly shaped and sized vegetated landscapes. This
would allow for testing the hypothesis that certain types of landscape management confer
advantages in limiting fire spread.

We selected golf courses as a proof of concept for testing the methods developed here to evaluate
buffering capacity. In California, golf courses are found throughout the state and have a different
vegetation and irrigation intensity than surrounding vegetation. Golf courses are potentially effective
as fuel breaks because they are typically at least 150 feet wide in most places and consist of mowed
grasses—consistent with fuel break design (CAL FIRE (California Department of Forestry and Fire
Protection) n.d.). Importantly, golf courses are already considered part of ‘Buffer Zones’ by the
National Wildfire Coordinating Group, because they are areas of reduced vegetation separating
wildlands to vulnerable residential or business developments (National Wildfire Coordinating Group
2015). We propose two sets of quantitative methods for evaluating a given land-cover’s observed
buffering capacity when exposed to a fire, to answer:

1. Do golf courses alter fire severity relative to similar vegetation?

2. Do golf courses limit fire spread? How does this compare to other landscape features

like parks or airports?

Materials and Methods

Study Period and Regions

The study region included fires in California that burned between 1986 and 2020 on or adjacent to
golf courses. The perimeters of golf courses in California were gathered from OpenStreetMap
Overpass Turbo API by querying for “golf course” under the “leisure” category (OpenStreetMap
Contributors. 2015; Overpass Turbo Golf Course Query n.d.). These golf course polygon returns
were limited to the state of California, determined by the California TigerLines Shapefile in ESRI’s
ArcGIS Pro (version 2.7.1) (ArcGIS Pro n.d.; TIGER/Line: Current State and Equivalent National
2019). Overlap between golf courses and fires were determined using CalFire California Fire and
Resource Assessment Program (FRAP) fire perimeter data (CAL FIRE (California Department of
Forestry and Fire Protection) n.d.). The fire boundaries reduced the 961-golf course dataset from
OpenStreetMap in the state to 89 golf courses that had some spatial overlap with fire.
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To answer the first question, if golf courses change fire severity outcomes, we examined 22 fires that
burned at least a quarter of a golf course (Figure 1). We used the 25% area cutoff to ensure that
there would be sufficient golf course area to sample for our statistical procedures. In total, we
examined 29 different golf courses. Nine fires burned more than one golf course and three golf
courses burned twice in the multi-decade study period, meaning golf courses burned 32 times over
the 35-year study period.

The second analysis, on whether golf courses appear to limit fires spread, spanned 122 cases of golf
courses that intersected a fire perimeter between 1986 and 2020. To interpret the effectiveness of
golf courses relative to other landscape features, we also looked at parks and airports in California
that burned or had some overlap with fire between 1986 and 2020. We limited the park data to be
similar in size to golf courses by creating a cutoff of one standard deviation of golf course sizes, or
36 acres to 226 acres. Concerning vegetation management, we assumed that parks of this size would
have less water-intensive management than golf courses but may have some fuel management (e.g.,
grazing, chemical or mechanical removal, prescribed fire). On the other hand, airports are likely
managed for more limited vegetation with more hardscape than a golf course or regional park but,
such as parks, are unlikely irrigated. This add-ed 121 parks and 49 airports to our study, also queried
from OpenStreetMap Overpass Turbo API (Overpass Turbo Airport Query n.d.; Overpass Turbo
Park Query n.d.).

Fire Severity Data

Fire severity is a measure of how fire intensity affected ecosystems (Keeley 2009). We approximate
this initial impact from fire as changes in vegetation surface reflectance from before and after a fire.
Data for fire severity was generated in Google Earth Engine (GEE), which provided access Landsat
5 Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper (ETM+), and Landsat 8
Operational Land Imager and Thermal Infrared Sensor (OLI/TIRS) archived imagery (Gorelick et
al. 2017). We used GEE to process vegetation fire severity maps for the 22 fires that burned 29 golf
courses and generated differenced Normalized Burn Ratio with offset (ANBR ¢, €q. 1) maps to
calculate severity. The ANBR . is the average dNBR value from pixels in relatively homogenous,
unchanged areas outside the fire perimeter, intended to account for differences in phenology or
precipitation between pre- and post-fire images (Parks et al. 2018). This GEE script is based on the
Parks et al. 2018 paper (corrected in 2021) and used the same cloud masking algorithm, three-sensor
harmonizing method, and dNBR . calculations described in that paper.

dNBRsec = (NBRreire = NBRogfine) X 1000) — ANBRreers M
The pre-fire date was determined using imagery composited from one and a half months prior to the
fire ‘alarm date,” recorded in CalFire FRAP. This six-week window ensured that there was enough
imagery to create a clear-sky composite of vegetation pre-fire. Similarly, the post-fire images were
selected one and a half months post fire ‘alarm date.” Some fires in the CalFire FRAP include
containment dates that could have been used as the end date of fire, but these dates are not available
for all relevant fires and may have more bureaucratic relevance than ecological importance, as these
dates reflect when post-fire surveys determined that fires ended (Data Element Standard n.d.). Using
the imagery immediately after fire, we calculate an initial burn severity to capture the immediate
change from fire, closer approximating fire severity instead of an extended burn severity measure
(Keeley 2009). We expected golf courses that did burn to receive swift management actions,
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meaning that using imagery too long after a fire would include the management response more
strongly than adjacent vegetation. While we are interested in approximating fire severity using
remote sensing data, oftentimes, this same technique is used to produce burn severity maps and the
terms are used interchangeably (Keeley 2009). We refer to our produced data as burn severity values
for consistency within the remote sensing literature but discuss our results in terms of fire severity.

After maps of continuous burn severity values are produced, burn severity data is often categorized
using ground-truth measures of vegetation burn severity. Monitoring Trends in Burn Severity
(MTBS) is a concerted multi-agency effort to produce such categorical burn severity maps (MTBS
Project (USDA Forest Service/U.S. Geological Survey) n.d.). Because MTBS was produced for only
15 of the 22 fires relevant to this study, and ground-truth data was not available for all the study
sites, we used the raw continuous approximations of burn severity for analysis. As a robustness
check, we sampled the categorical MTBS maps for the available 15 fires at the same points as our
continuous burn severity estimates. We used the MTBS categories to develop distributions of
continuous burn severity values to interpret our predicted dANBR . values.

Propensity Score Matching and Linear Regression

Statistically, comparing burned golf course vegetation to vegetation outside of a golf course can lead
to biased results because the treated and control observations may be different in ways that are not
observed by the researcher. To overcome this, we used propensity score matching (PSM) to analyze
nonrandom, observational data by creating a valid set of control and treatment observations (Austin
2011a). The treatment and control points were first generated using a 100 m grid that considered all
points within the burned portion of a golf course perimeter to be ‘treatment,” and all non-golf
course points within a fire perimeter to be ‘control.” Any vegetated pixel within the burned portion
of the golf course was eligible for sampling, regardless of whether it was on the fairway or more
densely vegetated fairway adjacent areas. The PSM used biophysical and socioeconomic variables we
thought would be relevant for identifying non-golf course lands that are otherwise like golf courses,
such as the slope, aspect, vegetation moisture, total rainfall, latitude, vegetation type, and average
household income (Table 1).

We implemented the PSM using matching software for causal inference, Matchlt (version 4.3.0)
package in R Studio using the package ‘dplyr’ to organize data (Ho et al. 2011; R Core Team 2021;
RStudio Team 2020; H. Wickham et al. 2021). Our model used nearest neighbor matching without
replacement and matched points exactly on fire name and landcover to ensure that comparisons
about fire severity would be contained by fire and landcover. We used a caliper, or cutoff of
maximum difference, of 0.1 to remove any treatment observations that did not have a control
observation sufficiently similar. After matching, we have a dataset with a control observation similar
to each of the remaining treatment observations, which allows us to use regression analysis to
estimate the treatment effect.

To identify the treatment effect on the dNBR . burn severity outcomes, we then applied multiple
linear regression to a dataset consisting only of matched observations. Along with the treatment
group, slope, latitude, NDMI from three to six months pre-fire (NDMI 0), total precipitation from
October—December (Precipitation 3), median household income, and landcover used in the
matching process as explanatory variables, we added a categorical regional variable to indicate
whether the fire was in the Bay Area (northwest), North Interior (northeast), or Southern California
(south). These regional categories are consistent with Syphard et al. (2021) that found housing



pattern and vegetation impact on housing structure loss varied by region of California (Syphard,
Rustigian-Romsos, and Keeley 2021). This region variable is included in the linear regression as an
independent variable and an interaction term with treatment. Adding region to the regression as an
interaction with treatment allowed us to calculate the treatment effect on burn severity for each
region separately. This allows us to investigate whether the treatment effect of golf courses vary by
region.

We implemented the multiple linear regression in the base ‘stats’ package in R. To interpret the
linear regression output, we predicted the average marginal effect using the ‘margins’ package in R
(version 0.3.26) (Leeper 2021). To predict and plot the regional and treatment interaction term, we
used the ‘emmeans’ package in R (version 1.6.3) (Lenth n.d.). The difference in the predicted
treatment ANBR g from the control group’s prediction is the estimated treatment effect of
vegetation being managed as a golf course instead of a similar non-golf course. To interpret the
continuous dNBR . predicted values for the regional treatment effects, we use an empirical
cumulative distribution function on regionally subset distributions of MTBS categories (unburned,
low, moderate, and high) to calculate the predicted values percentile.

Measuring How Golf Courses Limit Fire Spread

For a landscape feature to be an effective buffer, it should both reduce fire behavior and limit fire
spread. It is difficult to measure how landscape features limit spread, because a golf course occurring
on the edge of a fire perimeter could be the result of a random process or cartographic convenience
(using green golf courses to delineate fire boundary) instead of a buffering characteristic of the golf
course. To test how golf courses could limit fire spread, we looked at () how frequently fires stop at
golf courses and (z) if this is different than other landscape features, such as parks or airports.

To calculate the frequency of fires stopping at golf courses, we used the ArcGIS Pro (Version 2.7.1)
Tabulate Intersection tool to determine the amount of overlap between the OpenStreetMap golf
course perimeters and the FRAP fire perimeters (ArcGIS Pro n.d.). This process included all golf
courses that had some overlap or touched the edge of a fire between 1986 and 2020. Golf courses
that had close to 0.0% percent overlap with fire represent areas where the golf course may have
limited fire spread. We then used ‘ggplot2' package in R to plot the distribution of golf course
burned proportions (H. Wickham 2016). To help interpret how golf courses may limit fire spread,
we recreated the analysis for parks and airports, landscape features that are similar in shape and size
to golf courses but have different vegetation management and may exhibit different abilities to limit
fire spread. The differences in expected vegetation management between golf courses, parks, and
airports is how we test whether an effect of limiting fire spread is present, despite these landcovers
being similar in size and shape as landscape features.

To test the differences in the proportion of overlap between the three types of land use, we use a
Shapiro—Wilk test to determine that the distributions of proportion burned for the golf courses,
parks, or airports are not normally distributed. We then performed a Mann-Whitney-Wilcoxon test
to test for similarities in distribution between golf courses and the two alternative landcovers, parks
and airports. A Wilcoxon test does not assume a normal distribution of observations and can test
for similarities of distributions where the samples are independent (McKnight and Najab 2010). The
null hypothesis is that golf courses and parks or airports burn at a similar proportion. If we reject the
null, we conclude that the groups are different in terms of the proportion burned when they are near
or inside of a fire perimeter. We performed a two-sided Wilcoxon test because we did not want to
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assume the distributions would always be higher or lower on airports or parks, relative to golf course
distributions.

Along with comparing distributions, it may be useful to compare the most frequent burn
percentages between golf courses with airports and parks. To do this we implemented a two-sample
bootstrap test to sample medians with 2500 replications (Peng 2019). This approach allows us to
calculate the differences in medians observed between the different landcover samples. If the
distribution of the 95% of differences contain zero, then we can say that the medians between the
sample are similar.

Robustness Chectks

We were concerned that this polygon-overlap approach may depend on the precision of the polygon
perimeters; differences in precision between polygons used for golf courses, airports, and parks
could lead to erroneous conclusions. As a robustness check, we compared the OpenStreetMap park
data with a well-established park dataset, coming from the California Protected Areas Database
(CPAD) Units (About CPAD n.d.). We assessed agreement using a two-sample bootstrap to
compare the median values with 2500 replications and found that there are no statistical differences
between medians of the two sources of park data using a Confidence Interval of 95%, which
suggested that the OpenStreetMap data sufficiently captured the expected burn proportion from a
reputable source such as CPAD.

Moreover, we considered that determining which golf courses, parks, or airports were near fire edge
may be sensitive to the precision of a FRAP fire perimeter. We constructed 10 and 20 m buffers
around fires to compare how our selection of golf courses, parks, and airports could change if the
fire perimeter was slightly different. We found that the number of golf courses, parks, and airports
that would have been included in our analysis if the fire perimeter were 10- or 20- meters wider was
relatively consistent with our original selection. If the fire perimeters had been 20 m wider, this
would have increased the number of golf courses included in the study by a 7 percent difference,
added zero additional parks, and added 4.8 percent airports. This exaggerated buffer adding few
airports and golf course gave us confidence that the selection of golf courses, parks, and airports
were relatively unsensitive to imprecisions in the fire perimeter dataset.

Results

Quality of Burn Severity and Matched Data

This PSM reduced the mean differences between treated and control observations for the
continuous variables included in the linear regression (Figure 2). The caliper and exact matching on
landcover and fire name removed 202 treatment observations that did not have a sufficiently similar
control observation. This process reduced our dataset from 363,843 observations with 1572
treatment samples to 2740 observations of matched treatment and control points. The mean
differences between the control and treatment datasets improved the most for slope, precipitation
between October and December, NDMI three to six months prior to fire, and latitude. Because the
PSM resolved differences between the average control and average treatment for all continuous
variables, we felt that this matched dataset was well-suited for linear regression and prediction.
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Linear Regression and Predicted Treatment Efffect

According to our regression and prediction analysis, the treatment effect of a golf course across all
California regions reduced dNBR fire severity by an average of 65 units, compared to otherwise
similar vegetation (Figure 3). A lower dANBR .. for golf courses indicates less change in surface
reflectance post fire. This difference between the predicted control (163.11) and treatment (97.906) is
a 49.91% difference. Because there is no overlap between the predicted 95% confidence intervals,
we conclude that this treatment effect difference between golf courses and otherwise similar non-
golf course vegetation is statistically significant. However, because dNBR g values are most
meaningful within the context of a single fire, and these predictions include fires across California
over decades, interpreting fire severity outcomes is less straightforward.

Based on the regional and treatment interaction term predictions, we found that the treatment effect
does vary by region in California (Figure 4). We found the largest treatment effect in the northwest
region. Based on the northwest predicted treatment average of —41.49 to the predicted control at
99.90, we used the MTBS regional distributions to assess where in the burn severity categories these
predictions fall (Table 2). We suspect that the treatment effect in the northwest is roughly a whole
burn severity class. The northwest treatment prediction falls at the 10 percentile of the ‘unburned’
category, and the northwest control prediction is above the 63 percentile for ‘unburned’ and
around the 23" percentile for ‘low.” Because there is no ovetlap between the predicted 95% Cls, this
treatment effect is statistically significant.

The south region, similarly, has no overlapping 95% CI, suggesting these differences are statistically
significant. Predicted dNBR ¢ values for the south treatment group, 99.44, and control group,
164.59, were the highest of the three regions. When we compare these predicted values to the
distribution of MTBS categories, we see that these predicted values are still falling towards the
middle of the unburned or low-severity fire distributions, despite the higher raw predicted dANBR e
values.

The northeast predicted and controls do have some overlap in their Cls, but using a two-sided
student’s T-test, we find that these distributions are still significantly different at a .05 p-value cutoff.
The northeast control group is burning at the 52nd percentile for ‘unburned’ and the 31st percentile
for ‘low’ suggesting that it is somewhere between those groups. The northeast treatment is burning
at the 18th percentile for the unburned severity and 10th percentile for low severity, suggesting it is
mostly unburned. This distribution comparison between treatment and controls is very similar to the
south distributions for MTBS. We believe that both regions have a treatment effect where golf
courses are burning at lower severities, but it is not clear that this effect necessarily translates to a
burn severity class difference.

Golf Courses Limiting Fire Spread

When a fire burns near a golf course, golf courses most frequently burn less than 10% of their area
(Figure 5). The observed distribution of how much of a golf course, park, or airport burn exhibits
bimodal peaks; most burning completely or hardly at all. Because the total number of golf courses,
parks, and airports differ, to facilitate comparisons between the features, we produced a smoothed
density estimate (Figure 5, panel b). This smoothed density estimate makes the bimodal distribution
more apparent and reveals a right skew for the airport and golf courses and a left skew for the park
dataset. This means that golf courses and airports tend to burn closer to zero when near a fire,
whereas parks found near a fire are more frequently entirely contained within the fire perimeter.
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Using a 5% significance level, the Shapiro—Wilk test indicated that the proportion of burned areas
for golf courses, parks, and airports were not normally distributed. This is consistent with the
bimodal distribution observed in the histograms. The Wilcoxon test (Table 3) found golf courses
and parks were significantly different, so we accept the alternative hypothesis, that the golf courses
and parks are different. Conversely, the golf courses and airports test were not statistically significate
at this threshold, indicating evidence for the null hypothesis, that the distributions are equal.

Using the two-sample bootstrap, we found that the differences in the median percentage of golf
course burned was not distinguishable from the airport median (Figure 6). Parks, on the other hand,
did not have a 95% confidence interval that contained zero, indicating that the median differences
between the percentage of golf and parks burned are not similar. These bootstrapped median
differences are consistent with the results of the Wilcoxon test, where golf courses are like airports
in how they burn but parks are not.

Discussion

Choosing to promote buffer zones around communities is a resource decision. LLand use planners
and communities should be able to access empirical data to assess a land use’s buffering capacity to
weigh tradeoffs in making decisions about how to allocate limited resources such as water, fire
suppression efforts, or undeveloped land. Here, we provide empirical evidence for the effectiveness
of golf courses as fire buffers across California along with the methods for others to recreate this
analysis for other landcovers.

Our findings suggest that when a golf course burns, it tends to burn at a reduced severity relative to
similar vegetation. Our regression analysis found that this amounted to a 49% difference between
golf courses and non-golf course controls. This demonstrated reduction in fire severity fulfills the
first criteria we define as ‘buffering capacity.” If the reduced fire severity is the result of reduced fire
intensity, then these landscape features may provide buffers where suppression crews could safely
access and more effectively protect adjacent communities. Because dNBR ¢ is 2 metric best used to
interpret fire or burn severity within an individual fire, these predicted values are meant to illustrate
the direction and significance of golf courses treatment effects. Importantly, there are regional
differences in the size of the fire severity treatment effect. We found evidence that the northwest
region had the largest treatment effect, possibly reducing burn severities an entire MTBS category,
from low severity to unburned. The south and northeast regions still had statistically significant
treatment effects, but it is less clear that these differences translate to a whole burn severity category
reduction.

One limitation of this research is our reliance on using fire severity as an approximations of fire
behavior. Ultimately, for fire suppression and community protection, fire behavior metrics such as
fire intensity are more meaningful. Advances in producing fire intensity measurements from thermal
heat signatures, captured by satellites such as MODIS, VIIRS, or GOES, show promise for
estimating Byram’s Fire Intensity (Giglio, Schroeder, and Justice 2016; Ruecker, Leimbach, and
Tiemann 2021). Our proposed approach could be adapted to incorporate fire intensity estimates
instead of fire severity. However, a challenge inherent in a thermal-based fire intensity approach is
that passive thermal energy is recorded at a coarser spatial resolution than spectral data (e.g., 250 m”
versus 30 m*pixel sizes), so it may not be sufficient for studying smaller landscape features such as
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golf courses. Moreover, because golf courses still burn infrequently, averaging less than one golf
course over this 35-year study period, a longer archive of imagery was useful for creating a dataset
with sufficient observations to compare across regions and a range of vegetation. Future research to
improve this method could incorporate field measurements of fire intensity and connect the field
measurements with the high spatial-coverage of satellite-derived fire severity. This field data is not
available for our historic dataset and requires the ability to collect data during a fire. Alternatively,
instead of looking at the fire severity impacts, researchers could also examine other adverse fire
consequences such as structure damage from fires.

Despite these shortcomings, the robust treatment effects we observe across all of California and
within the region-specific treatment effects suggest that our approximation of fire severity is
sufficiently capturing the golf course treatment effect. While our use of initial fire severity is
intended to limit the role of post-fire recovery from influencing our results, the effect of swift
recovery on more intensely managed landscapes such as golf courses may be influencing our
tindings.

Through comparing the proportion of golf course area that burns or is adjacent to fires, we found
that the low proportion of burning suggests evidence that they act as buffers, limiting fire spread.
Golf courses exhibited this low proportion of area burned similar to other landcovers, such as
airports, that we expected to be effective at limiting fire spread given the hard-cover and regular
vegetation maintenance airports receive. Golf courses did not burn like similarly sized parks,
consistent with our expectations of the role of management, and suggesting that our way of
approximating this true absence of golf courses burning is valid.

Despite evidence that golf courses may be effective buffers, both reducing fire severity and limiting
fire spread, there still may be limitations in their effectiveness that are not apparent in our analysis.
Our work relies on observations from historic fires, yet many of the most recent destructive fires in
California have been notably wind-driven and may not be well represented in our observational
dataset (Keeley and Syphard 2019). During these wind-driven fires, golf courses may not provide a
wide enough buffer to protect structures from wildland fires, failing to provide effective buffer
capacity (Syphard, Keeley, and Brennan 2011). This is where considering what other types of
‘buffering’ landscapes could be combined to create wider buffer matrix could be useful.

Being able to quantify the relative effectiveness of a land use allows planners, communities, and
emergency responders to identify key parts of their landscapes that should be maintained or
augmented as part of fire preparedness. The effect we report from the linear regression and polygon
analysis likely captures some effect of additional fire suppression resources used on these landscapes,
rather than solely a physical advantage. For example, golf courses may have more extensive fire
suppression activities around them than a similarly vegetated landscape that is not generating similar
economic activity per acre. We believe that this factor is why it is important to not overstate the role
that vegetation management pre-fire alone contributes to our findings. Still, even if we are measuring
the effects of emergency management responses to protect certain landscapes, it is an important step
forward in the planning and fire risk literature to quantify the role of placing different land uses
around human developments as part of a community-wide fuel treatment and fire preparedness
plan. Beyond California or golf courses, other regions and land uses may have anecdotal evidence
supporting a fire buffering effect. The methods outlined in this paper could be used to study
whether this buffering effect is observed in other regions for golf courses or other land uses.
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Along with suppression during a fire, pre-fire management irrigation is likely different between an
open-space park and a golf course. The reported benefit golf courses may have over similar non-golf
course vegetation during a fire comes at the cost of the additional irrigation, herbicide, energy, and
labor used to manage these land uses. These are fixed inputs where the benefit of reduced fire
behavior is only realized during a fire. Along with the direct costs associated with these inputs and
reduction in wildlife habitat, there are other social and resource costs when directing limited
resources such as water to irrigating a golf course in an arid ecosystem. Finally, any of the observed
benefits connected to the physical properties of the fuels on the golf courses are a byproduct of the
management. If the management changes, the benefits observed may also change. One benefit of
economically generating landscapes such as agriculture or golf courses for land use planning is that
they are revenue streams to support their continued management outside of fire related public
grants.

Communities or planners considering incorporating managed green landscapes as fire buffers might
envision it as part of a resilient community design for living with fire. However, concepts like
resilience are difficult to operationalize. Choosing to send resources towards maintaining a landscape
like a golf course may provide specific resilience to the threat of fire while not being compatible with
other sustainability goals. Resilience is not just the inverse of vulnerability and across different scales
of resilience, some interventions might have tradeoffs (Chelleri et al. 2015). For example,
maintaining golf courses as fire buffers may increase community resilience to fire and, at another
timescale, if the resources needed for maintaining the golf course worsen the local effects of climate
change or drought, it could contribute to increased wildfire threats. Tradeoffs between resources
and resilience across scales are core to land use planning and management (Chelleri et al. 2015).
While we were able to estimate the benefit green landscape buffers might provide, some of the
tradeoffs or costs associated with their maintenance might be harder to quantify or lack common
measures. Thus, a community resilience assessment for incorporating managed landscapes as fire
buffers should consider the incommensurable tradeoffs associated with this land use and resource
decision(Copeland et al. 2020). Understanding where these green landscape buffers should be
maintained will largely be context and region specific, and we hope that our outlined method and
software will be one tool for decision makers to use to make choices suitable for their
circumstances.

Conclusion

Golf courses can act as a fire buffer around communities, potentially reducing community level risk
of wildfire. While anecdotal evidence of golf courses acting as buffers already exists in different
regions, using empirical methods we were able to study golf courses in or near fires in California to
robustly estimate this buffering effect. We found two main results which indicate golf courses may
be effective buffers. First, relative to similar vegetation outside of golf courses, golf course
vegetation burns at lower severity. Second, based on the higher frequency with which golf courses
appear near fire edges instead of entirely within a fire, we demonstrate that golf courses ap-pear to
limit fire spread. Taken together, this evidence suggests that golf courses can be part of a community
land use plan to limit wildfire risk. Golf courses in California are just one example of a type of
landscape feature which could be incorporated as part of a community buffer zone. We hope that
the methods and the software demonstrated in this research will be adapted to study fire buffering
effects for other land uses or regions. Ultimately, we hope these tools will help communities plan for
fire and weigh the resource tradeoffs associated with the maintenance of those potential buffers.
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Tables

Table 1. The variables and their origin used for the PSM and regression analysis. PSM used all the
listed variables except for the Burn Severity, which was only used in the regression analysis.

Spatial and
Type Name Description Temporal Source
Resolution
Landsat 5 TM,
Normalized Burn Ratio Offset Landsat 7 ETM+,
Burn Severitv NBR offset using pre-fire dates from 1.5 30 m: 16-day Landsat 8
urn Severtty ottse months pre-fire to 1.5 months s 2 h-day OLI/TIRS (U.S.
post fire Geological Survey.
n.d.)
Eastness ‘ea?;}z‘zzitt;deg;/teinr?i?;; {)efosﬁne 90 m; DEM NASA SRTM
& > from 2000 (NASA JPL 2020)
function transformation
Aspect-derived measure of )
Northness ‘north’ facing, determined by 90 m; DEM NASA SRTM
e funct ‘ . from 2000
Geography cosine function transformation
STRM-derived DEM in GEE 90 m; DEM
Slope to calculate slope from 2000 NASA SRTM
Latitude of each pixel in
Latitude degrees determined by GEE NA Google.Earth
. Engine
function
Normalized Difference
Moisture Index, NDMI = (NIR
~ SWIR) / (NIR + SWIR), LLaéldsta; gﬁJr
NDMI 6 taken from clear-sky 30 m; 16-day andsa ’
composited image between 3 Landsat 8
and 6 months pre-fire alarm OLI/TIRS
date
Vegetation Total ipitation from 1 CHIRPS (Funk
and Precipitation o e o 5566 m; daily L 0(1 o
Vegetation January — arch (mm) al. )
Moisture S
o Total precipitation from 1 .
Precipitation 3 October — 31 December (mm) 5566 m; daily CHRIPS
Dominant vegetation 30 m; epochs
determined by satellite and produced for
Landcover ground-truthed data. The 2001, 2004, 2006, N(I;;D ;a:ldz%‘{gr
landcover closest to the date 2008, 2011, 2013, gera
prior to fire is used. 2016
Suppression Median Tncome Median household income Variable; 5-year Us (jienrqlzlsisci;year
Effort from the five-year 2018, 2013,

and 10-year

Community Survey
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2009 ACS and 2000 Decennial and Decennial
surveys (Walker and
Herman 2021)

Table 2. Predicted values and where the predicted dANBRfee values fall on corresponding MTBS distributions.

Region  Group  n. 9l SE L UCL U™ Low Moderate High
northeast  Cont. 142 9136 27.88  36.69 1426'0 5%}37 31.51%  12.03%  8.00%
nottheast Treat. 142 11.70  27.68 _482.5 65.97 1%)35 10.64%  4.16% 3.05%
northwest  Cont. 278 99.90 23.00 54.81 143 - 63021 23.18%  1.722%  0.12%
northwest  Treat. 278 _491 4 2300 _877'1 4.19 122 2 057% 0% 0%
south Cont. 950 'O} ases 193 1SS si0m 1240w 12079
south Treat. 950  99.44 1593  68.22 132'6 44024 19.75%  6.14%  7.81%

Table 3. The Wilcoxon test statistic and p-value interpretation for the landcover percentage burned
comparisons.

Comparison Test Statistic Significant (0.05 cutoff)
Golf Course—Airport 3551 No
Golf Course—Park 4996 Yes
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Figures

Northwest

Burned Golf Course (>=25%)

180
: km California State Parks, Esri, HERE, Garmin, FAO, NOAA,

USGS, EPA

Figure 1. Map with the locations of the 29 golf courses in California that had a quarter of their area
burned in a fire between 1986 and 2020.
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Figure 2. Love plot for the standardized mean differences for the continuous matching variable
prior to and after the PSM generated by using the ‘cobalt’ package in R (Greifer 2021). Exact
matches on categorical data such as landcover and fire name have been removed from this plot.
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Figure 5. Boxplot (a) and smoothed density estimate (b) distribution of proportion of land burned
of the golf, airport, or park polygons.
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Figure 6. Results of the two-sample bootstrap to compare the median differences between (a) golf
courses and airports and (b) golf courses and parks based on median percentage of land feature
burned.
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Transition between Chapters 1 and 2

In Chapter 1, I used observed data and causal inference methods to estimate the effect of green
landscape features as fire buffers. For golf courses in California that burned or were near a fire
perimeter between 1984 to 2020, I found that there is an observable buffering effect that both
reduces fire severity on golf courses and limits fire spread. Estimating a buffering effect for green
landscape features may be useful for community planners attempting to reduce the risk of fire to
human developments and infrastructure.

Planning for communities or landscapes interventions can use historic observations for causal
inference, as was done in Chapter 1, or it can use historic observations to develop models to
anticipate how ecosystems will develop in the future. Both methods can be useful to weigh tradeoffs
and evaluate competing needs for land use. These models developed to anticipate ecosystem
development are process based models. Their usefulness in making decisions depend on the
accuracy of how well their outputs mirror the observed future growth. While these models are
regularly used to inform management decisions, there is less attention paid to how accurate their
predictions are, in a process called model validation. This prompted the research questions I asked
in Chapter 2.

In Chapter 2, I completed a model validation study for the Forest Vegetation Simulator (FVS) on
anticipated carbon growth in California. I found that the ‘out-of-the-box,” uncalibrated model runs
of growth in FVS are not like the observed growth rates in California between 2001-2018. Errors
produced by FVS that overestimate the rate of carbon accumulation in forests are more pronounced
for lower productivity forest sites and National Forest Service forestlands. Overestimates in carbon
growth rate can lead to forest management decisions that are based on unrealistic expectations of
forest growth without management. Relative to forest carbon management, this may cause an
overestimate in how fast forests sequester carbon without management.
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Chapter 2. Validation of Forest Vegetation Simulator Model finds
Overprediction of Carbon Growth in California

Claudia Herbert, Van Butsic, Jeremy Fried

Abstract

This research tests whether the Forest Vegetation Simulator (FVS) model produces carbon
growth predictions in California similar to observed growth in a statewide validation study.
Using regression-based, bootstrapped Equivalence Tests, we find that FVS as typically used out-
of-the-box overpredicts carbon growth rates by 55%, on average, over the course of a short (ten-
year) projection and that predicted growth is not equivalent to observed growth. Predictions of
total carbon stock over such short projections of FVS growth may be equivalent to measured
values, mainly because short-term growth is typically a small fraction of stocks. The sizeable
deviations between predicted and actual growth rates are concerning for short model projections,
and over longer periods, inaccurate predictions of growth will render predictions of carbon stock
unreliable. To understand patterns in FVS errors that could reveal where the model is most and
least reliable, we use linear regression, holding all other factors constant to determine how
location and stand attributes such as FVS Variant, site productivity class, stand age, reserve
status, and ownership affect prediction error. We find that the magnitude of errors produced by
FVS is sensitive to the forest type and variant being modeled, with the largest overpredictions
occurring in stands within the North Coast variant, growing on the lowest site class, having ages
that are unknown or between 50 and 100 years, that are within governmentally designated
reserved areas or on national forests. Direction and magnitude of errors are related to the stand
attributes; these relationships may offer fruitful opportunities to improve the underlying growth
models or calibrate the system to improve prediction accuracy. Our findings suggest that forest
managers relying on out-of-the-box FVS growth models to forecast carbon sequestration
implications of their management of California forests will obtain estimates that overstate the
carbon that can be sequestered under light-touch or caretaker management, potentially leading to
management decisions that fail to deliver the expected carbon sequestration benefits—a failure
that could take a long time to recognize.

Keywords: Forest Vegetation Simulator (FVS); Model Validation; California; Equivalence Tests;
Carbon
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Introduction

In response to the threat of climate change, climate policies often highlight forest ecosystems as
both a critical carbon sink and at risk from increased environmental stress accompanying climate
change (Jiang et al. 2021; Keen et al. 2022). Policies for financing sustainable forest management
across borders have evolved from programs aimed at reducing deforestation in the global south
(e.g., Rainforest Alliance, REDD) to programs crediting forests anywhere for the carbon they store
and sequester via carbon markets (e.g., REDD+, California Compliance Market Forest Offset
Protocol). The scale of capital interested in reducing global emissions, and the potential for relatively
cheap sequestration and storage in forests as offsets, have placed a spotlight on forests as Natural
Climate Solutions (Griscom et al. 2017). In practice, revenue from carbon offsets can pay forest
owners for keeping forests intact (avoided conversion), expanding or preventing loss of forests
through re/afforestation, or increasing density of forest stocks through improved management (van
der Gaast, Sikkema, and Vohrer 2018). The most common type of carbon offset by number of
projects and tons credited in the United States for both the compliance and voluntary markets is this
latter approach to offsets known as Improved Forest Management (IFM) (Haya et al. 2021). IFM
offsets assign credit to changes in management (e.g., increasing rotation length, reducing harvest
intensity, etc.) that increase carbon sequestered and provide an associated climate benefit. Outside of
monetizing carbon for forest management, the largest forest owner by area and volume in the
United States is the network of public forestlands managed by the Forest Service, which are not
currently eligible for carbon credits. Despite the absence of carbon sequestration from the list of
objectives guiding the agency, the Forest Service recognizes the importance of maintaining forests as
a net carbon sink; over the past decade, the Forest Service has indicated that increasing carbon
sequestration is part of their plan to mitigate climate change (Borys Tkacz et al. 2011). Arguably, the
policy interest in forests and the need for accurately characterizing carbon dynamics is now greater
than it has ever been.

Developing carbon-focused management plans and participating in a market for carbon credits
requires consistent and accurate accounting of forest carbon stores and sequestration into woody
biomass. For IFM offsets sold in the California Compliance Market, this is more than $1.7 billion
worth of forest offsets predicated on the ability of projects to maintain the initial above average
inventory (Badgley et al. 2022). Despite progress in developing comprehensive forest carbon stock
and flux maps, data necessary for the more granular, project-level decision making needed for
carbon markets is often limited in geographic and temporal extent (Harris et al. 2021). The most
accurate practical approach to assessing carbon stocks relies on forest inventory measurements of
tree height and diameter. Accurate flux measurement depends on either continuous measurement of
canopy gas exchange or taking the difference of two or more stock measurements collected at
different times, which is more temporally coarse but also more feasible over large areas.
Retrospective analyses based on forest inventory assessments of carbon dynamics have only recently
become possible with the availability in the U.S. of remeasured forest inventory data from a spatially
balanced sample of all forested lands (Christensen et al. 2021). To credit current and future carbon
sequestration, offset markets rely on periodic forest inventories and selected, peer-reviewed growth
and yield models. For example, an IFM offset project can be inventoried as infrequently as once
every twelve years. Over that interval, the project can rely on growth and yield models to estimate
carbon stocks and flux to document management tradeoffs against anticipated carbon benefits
(CARB Air Resources Board 2011). As forest carbon remains central to climate policy, the accurate
performance of these growth and yield models should also be viewed as central to climate policy.
Validating the accuracy of growth and yield models is an important step in connecting forest
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management with an honest characterization of climate benefits to support informed decisions
about forests.

The Forest Vegetation Simulator (FVS; Dixon 2013) is one of the models approved by all carbon
offset registries that accept Improved Forest Management projects (American Carbon Registry 2018,
Climate Action Reserve 2017, Gibbon et al. 2013). FVS has been developed and supported by the
USDA Forest Service for over three decades, developed to evaluate treatments to help managers
make plans that address various forest objectives. This individual tree, distant-independent (not
requiring spatial referencing of trees) empirical growth and yield model is widely used to predict
stand dynamics, with and without management, in forests covering all ownerships across the United
States (Shaw 2009). The base FVS model predicts growth in tree diameter and height and the
probability of mortality over a user-selected period for each tally tree within a sampled stand. The
aggregated projections of tree growth and mortality can be used to estimate future carbon stocks
and change, sometimes referred to as carbon flux. Several extensions to FVS have been developed
to account for changes in growth and carbon dynamics that might be expected under climate
change, fire disturbance, and infestations by insects and pathogens (Crookston 2014; Crookston and
Dixon 2005; Reinhardt and Crookston 2003). The full FVS system can be used to evaluate, for
example, how forest carbon dynamics and other objectives for the forest would respond to different
choices for rotation length, stand density management, and harvest operations to support strategies
that maximize credit for forest carbon sequestration (Hoover and Rebain 2008).

Forest management strategies aimed at maximizing carbon credits may vary by location and context.
This results in IFM carbon offset protocols avoiding prescriptive specifications about what
management qualifies as ‘improved.” Instead, they offer latitude for demonstrating, via rigorous
analysis, both the current trajectory of carbon stocks and how this would change under silviculture
designed to enhance climate benefits. Silviculture enhancing climate benefit could include increased
retention of previously sequestered carbon or new sequestration such as storage of additional carbon
both in the forest and in harvested wood products and solid waste disposal sites. Some researchers
who use FVS to strategize which types of management can optimize future carbon have reported
that limiting forest management through avoiding harvest, lengthening rotations, or maintaining
near-maximum retention will result in greater climate benefits via reduced emissions and increased
sequestration (Fischer, Cullen, and Ettl 2017; Kerchner and Keeton 2015). FVS was developed for
evaluating different management scenarios, and yet carbon-focused management often suggests
non-management, most notably on national forests. The validity of FVS-based analyses depends on
both analyst assumptions and FVS generating accurate predictions of forest carbon trajectories. If
FVS is increasingly used to simulate growth without management, then our expectations on
continued carbon sequestration are based on model predictions.

As resource decisions with long-term consequences for the global climate are increasingly reliant on
models like FVS, the need for robust model validation that exposes model bias and error has never
been more important. A recent uptick in publications addressing model validation notwithstanding,
fewer than one percent of published modeling studies focus explicitly on validation (Eker et al.
2018), perhaps owing to limited access to the consistently measured, longitudinal forest data that is
essential to robust evaluation of model performance. The recently published remeasurement data
from permanent Forest Inventory Analysis (FIA) plots is ideal for evaluating the validity of FVS
growth predictions, as they provide a spatially balanced, statistically representative foundation for
assessing FVS performance for multiple variants, forest types, and myriad sizes and species of trees
(Crookston and Dixon 2005).
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Previous evaluations of FVS reported both under- and overpredictions of tree growth, with sign and
magnitude varying by model variant, species, and tree size (Bagdon et al. 2021; Canavan and Ramm
2000; Lacerte et al. 2004; Russell et al. 2015; Smith-Mateja and Ramm 2002). An important
motivation for evaluating errors in FVS predictions is to identify conditions where it may be
important to recalibrate and otherwise improve the model. In some cases, when deviations between
predicted and actual growth exceed what is needed for FVS to be useful, re-engineering of model
components may be advisable (Pokharel and Froese 2008). FVS is not one model; there are 22
geographically distinct variants, and each contains multiple component models, parameterizations,
and assumptions believed to be appropriate for the species, forest types, and environmental
attributes within the variant (Crookston and Dixon 2005). Only a few of these have been formally
validated against observed tree growth. Notably, we were unable to find any studies evaluating FVS
predictions of tree growth in California. This study appears to be the first formal validation of
multiple FVS variants using a consistent, spatially balanced sample of longitudinal observations of
forest growth, which presents the opportunity to compare prediction errors across variants, as well
as species and stand characteristics.

This paper reports the performance of FVS when used to project forest carbon stocks and flux. This
is an important area of research given the increasing use of FVS as a carbon calculator in support of
carbon market offset projects. We evaluated the four FVS variants that account for 99% of
California’s forest land and for which no FVS validation exists. Specifically, we sought to address the
following questions:

1. Are 10-year FVS projections of carbon stocks equivalent to field measured carbon stocks?
2. Are FVS predictions of growth in carbon equivalent to observed growth over 10 years?
3. If stocks and growth are not equivalent,
a.  Which types of forest lands generate predictions with the greatest departures from
observed values?
b. Which species and tree sizes lead to predictions with the greatest departures from
observed values?

Materials and Methods

Study Area Description

We analyzed data from 3,340 FIA plots downloaded from the public Forest Inventory and Analysis
Database (FIADB) repository (version 7.0, California file, part of the Pacific Northwest Work Unit,
at https://apps.fs.usda.gov/fia/datamart/datamarthtml) representing neatly all forested lands in
California (Figure 1). These forests span a broad range of productivity classes and forest types, from
redwood to California mixed conifer, and include dry forests dominated by oak and pinyon-juniper,
where carbon stocks are typically much lower. Based on the FIA measurements at the initial visit
(2001-2009), when these plots were installed under the annual inventory design, most forest carbon
can be found on Federal lands, except in the Klamath Mountains (NC) variant, where private forests
hold more carbon (Table 1). The largest carbon stocks tend to be on forests in the 50—100-year age
class, perhaps because these account for the plurality of forest area, except for in the Western Sierra
Nevada (WS) variant, where carbon stocks are greatest in 100—150-year-old forests. Including the
entire state in this analysis offered the opportunity to evaluate the performance of multiple FVS
variants across diverse forest Jandscapes.
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F1A database description

To model forest growth in FVS, and the drivers of model validity, we relied on data from three
tables in the FIA database (The Forest Inventory and Analysis Database: Database Description and
User Guide for Phase 2 (version 9.0.1)): Plot (for location attributes such as elevation and applicable
FVS variant), Condition (for site attributes like ownership, forest type, site class, and disturbance
history), and Tree (species, diameter, and height) (Burrill et al. 2015). Most of this data is assessed in
the field by specialized inventory data collection crews; computed attributes (e.g., tree volume and
carbon) are calculated as part of the FIA compilation in the months following completion of data
collection for a given year.

FIA’s sampling intensity in California is a nominal one plot per 2387.6 hectares. Each plot consists
of three component plot sizes, the area of which is distributed equally among 4 locations: four 2-
meter radius microplots, totaling 1/75™ acre, to sample trees 12.7 cm dbh; four 7.3-meter radius
subplots, totaling 1/6™ acre, to sample trees between 12.7 cm and 60.96 cm; and four 17.9-meter
radius macroplots, totaling 1 acre, to sample trees larger than 60.96 cm in diameter. On plots
containing more than one ownership class, forest type, reserve status, stand size class, or stand
density class, these differences are mapped in the field as distinct “conditions”, each with its own set
of condition attributes and a “condition proportion” that reflects the mapped area of the condition
on the full plot footprint. Plots without such condition “breaks” have a single condition.

We model each FIA condition in FVS as a “stand”, and all the trees projected by FVS on that
condition, or observed at the remeasurement, are assigned the site context values observed on the
condition at the first field visit. Carbon stocks and carbon growth of all trees on a condition are
summed, weighted by the inverse of plot size, adjusted for condition proportion, to arrive at carbon
stock and flux due to growth for the condition. We refer to FIA conditions as stands, consistent
with FVS terminology, for the remainder of this paper. To examine the role of tree size and species
on FVS prediction performance, we also performed a tree-level validation of carbon stock and flux.

Under the enhanced annual inventory system (Bechtold and Patterson 2005) that began in 2001,
FIA plots in the western US are visited and assessed at ten-year intervals, with ten percent of the
plots (one panel) receiving a visit each year. This analysis includes all FIA plots in the annual
inventory system that were first assessed in one of the nine panels assessed in 2001-2009 and
remeasured approximately ten years later’.

We sought to test FVS’s capacity to predict forest growth in the absence of management and large-
impact disturbance because, while those influences can be modeled in FVS and the performance of
those model functions is of interest, the specific form of those disruptions to growth (e.g., fire
severity, kind of thinning regime) could not be determined from the FIA data with sufficient
precision to parametrize in FVS simulations. Stands for which crews implementing the
remeasurement visit coded fire disturbance or any kind of human-initiated tree removal or surface
disturbance (e.g., prescribed fire, chaining) during the remeasurement period were dropped, as were
stands that changed status from forest to non-forest (conversion) or vice versa (reversion) between
inventory visits, based on codes in FIADB’s TREE_GRM_MIDPT table. These filtering rules
removed 709 stands, mostly owing to fire disturbance or management activity. We coded a binary,

! remeasurement intervals for some (9 percent of) plots depart from the intended 10 years, typically
by not more than 1-2 years, owing to delays presented by logistical challenges such as denied access
and wildfire closures.
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non-fire disturbance attribute based on whether stands were coded as having had >=25% of the
trees or sample area affected by insects, disease, weather damage, or geologic disturbances damage
between inventory visits. Stands that have any type of observable treatment during the
remeasurement period were also removed to ensure that comparisons with our ‘grow-only’ FVS
model runs would include only stands that did, in fact, grow-only. The ten percent of live trees that,
for a variety of reasons (e.g., forking, swelling, an active wasp nest), had diameter measured at other
than breast height at one or both visits, as indicated by the “Diameter Check” code in the Tree table,
were removed because diameter is a critical input for FVS growth simulations and FVS is not
designed to adjust diameters collected at non-standard heights (Figure 2). These trees were removed
only after the FVS modeling so that their presence as competitors for resources would be reflected
in modeled stand growth. The filtered dataset contains 69,480 trees on 3,024 conditions representing
42 different forest types and located as all or portions of 2,920 plots.

Modeling tree growth with F1'S

FIA data for the 2001-2009 panels were prepared for modeling in FVS by loading them into the
Bioregional Inventory Originated Simulation Under Management (BioSum) software (Fried et al.
2017), which assigned the correct FVS variant for each plot and generated FVS input files for each
variant that could be used to perform a grow-only simulation for the length of the remeasurement
period (Figure 1). There were 1,301 stands in the WS variant, 867 stands in the Inland California and
Southern Cascades (CA) variant, 603 stands in the Klamath Mountains (NC) variant, and 347 in the
South Central Oregon and Northeast California (SO) variant. We did not model the 16 stands in the
Central Rockies (CR) variant because that CR variant contains <1% of eligible stands in California,
and any conclusions reached based on such a small sample would not be generalizable to the variant,
which covers many states. The four variants (WS, CA, NC and SO) were combined with the
remeasurement periods (8 to 12 years) to create 18 variant/remeasurement period combinations that
were simulated independently with specifications for the appropriate variant and growth period.

To evaluate FVS performance in estimating volume and carbon growth in live trees that remained
alive, and volume and carbon stocks at the end of the growth period, we initiated an FVS simulation
in the Suppose user interface (version 2.08) with no forest management activities—what we call a
‘erow-only’ run. We supplied all required and virtually all optional FVS stand and tree-level inputs
(e.g., diameter, height, crown ratio, and, via computations with BioSum, FVS compatible site index)
(Figure 2). We avoided any customization or adjustments Although some users have developed
custom adjustments (e.g., overrides to the maximum allowable stand density index for a species via
FVS’s SDIMAX keyword) to achieve more realistic projections, we chose not to use these,
consistent with our goal of evaluating the performance of FVS ‘out-of-the-box.” We also did not
provide the previous diameters or heights that FVS can use as a basis for model calibration, because
these were not available in our dataset, and are not typically available for most users. The simulations
projected tree growth for the length of the remeasurement period, then “cut” all trees so that when
“cutlists” were subsequently loaded into BioSum, volume and biomass could be automatically
calculated via FIA-curated equations embedded in BioSum. This ensured that carbon estimates for
both projected and observed growth in tree diameter and height would be calculated via the same
system of equations. The purpose of this validation was to compare the policy-relevant predictions
(i.e., of volume and carbon) associated with modeled diameter and height growth, not the impact of
volume and biomass allometry choices by the FIA and FVS programs.

31



Tree-level carbon and volume stocks and growth

To evaluate predictions of carbon stocks, we compared live tree, non-foliar, above-ground carbon,
calculated as half of the DRYBIOT attribute found in FIADB’s TREE_REGIONAL_BIOMASS
table, where DRYBIOT (total above-ground tree biomass, oven-dry weight) was computed using
PNW-RMA'’s standard equation system, for tree diameters and heights projected from time 1 (the
installation visit) by FVS to the measured diameters and heights of those trees at time 2 (the FIA
remeasurement visit). Volume growth predictions were based on PNW-RMA’s VOLTSGRS
attribute (gross volume total stem, which includes all bole wood from ground to tip). We expected
that projected stocks would not differ greatly from observed stocks for such a short (~10 years)
projection period because for stands free of disturbance and treatment, the predicted growth
increment would typically be small relative to stocks, and most of the variation in time 2 stocks
would track variation in time 1 stocks. Of greater interest is the performance of FVS in predicting
carbon accumulation, in other words, the rate at which carbon becomes sequestered in live trees. We
calculated this, for volume and carbon, as ‘Annual Growth Increment’ (equation 1).

Annual Growth Increment (Mg/ha/yr)
_ FIA Remeasurement or FVS Modeled (Mg/ha) — FIA Installation Measurement (Mg/ha)

Remeasurement Period (yr)

Regional calculations of biomass for each tree in the PNW RMA unit derive bole (stem) wood
biomass from cubic foot volume (VOLTSGRS) and species-specific wood density (Miles and Smith
2009; equation 2); branch and bark biomass are calculated from equations developed for that tree’s
species or a related one (USDA Forest Service, PNW Research Station, Resource Monitoring and
Assessment Program 2010; USDA Forest Service, PNW Research Station, Resource Monitoring and
Assessment Program 2014). Carbon and volume are closely related because bole wood, the basis for
volume calculation, accounts for most of the carbon in a tree. All non-Systéme International d'unités
(SI) units, like cubic feet, are converted to SI units before analyzing results using the
“measurements” package in R (Birk 2019).

bole wood carbon (Mg)
= ((cubic foot volume x wood density) + 2000) +.9071 (2)

Stand-level carbon and volume

FVS projected and FIA Time 2 observations of tree volumes and carbon were aggregated to stand
(FIA condition) level as weighted sums using the ratio of trees per acre unadjusted
(TPA_CURR_UNAD)J) and condition proportion (CONDPROP) from Time 1 as the weight
(equation 3). TPA_CURR_UNADJ is the inverse of the plot size on which a tree was sampled; for
example, a tree between 12.7 cm and 60.96 ¢cm in diameter at Time 1 was sampled on a 1/6-acte
subplot, so would have TPA_CURR_UNAD]J=6. However, if that tree existed on a condition
covering only half of the plot (CONDPROP=0.5), then for the purpose of carbon density
calculation on a per-acre basis that tree sample represents 12 trees. Volume and carbon density were
then converted and reported on a per hectare basis.

TPA_.CURR_UNAD]  (3)
CONDPROP

Stand stock or growth = Z tree stock or growth

all trees
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We removed extreme outliers (observations that were more than the 3" quartile plus three times the
interquartile range [IQR]) from Annual Growth Increment and Time 2 from the remainder of the
analysis described in the proceeding sections as they do not appear to be linked to any aspect of FVS
projection. Extreme outliers for Time 2 predictions were typically in stands with high carbon stocks.
The NC Variant and stands over 200 years were over-represented, in terms of outliers, relative to
their occurrence in the full dataset— almost a third of the outliers were redwood stands, mostly in
the NC Variant region. FVS substantially overpredicted growth in some stands with very low
volume, such as those dominated by hardwood saplings, accounting for additional outliers.
Excluding these extreme outliers, which helped us better fit regressions to the non-outlier
observations, removed less than 3% of observations, for a total of 3,118 trees that were outliers due
to either the FIA observation or the FVS prediction.

Evaluation of bias and accuracy

The first validation diagnostics are numerical descriptions of bias and accuracy of our carbon and
volume growth and stock values. Bias, or the systematic error, is the average deviation of repeated
estimates from the true value (equation 4) (Cawrse et al. 2010). Bias shows the direction of
systematic model deviation: in this context, negative signs for bias mean that FVS is overpredicting
FIA growth. The RSME is also scale-dependent but will always be positive—it is a measure of
accuracy, sensitive to outliers, where higher RMSE values indicate lower model accuracy (equation
5). Bias and RSME are the first steps in understanding FVS model accuracy relative to the FIA
observations and, in the case of bias, the direction of model deviation. Bias and RSME are reported
for the carbon and volume time 2 stocks, the annual growth increment, and a relative growth
measure, defined here as percent of initial.

n
Bias = Z (actual; — predicted;) /n (4)

i=1

n

(actual (FIA); — predicted (FVS);)?
RMSE =
se= |, ;

(5)

i=1
Egquivalence Tests
Equivalence testing has been demonstrated as a robust method for evaluating model outputs
(Cawrse et al. 2010; Robinson, Duursma, and Marshall 2005). This approach reverses the
conventional null hypothesis assumption that corresponding sets of modeled and observed data are
similar and assumes, instead, that they are distinct, thereby shifting the burden of proof onto the
modeled data (Robinson, Duursma, and Marshall 2005). To test this hypothesis of dissimilarity, a
regression-based, two one-sided equivalence tests (TOST) compare the observed data with the
mean-shifted FVS modeled data. This TOST is repeated twice: once to compare intercepts and a
second time to compare the slope with a 1:1 slope. The intercept TOST tests for agreement between
the mean observed and predicted value. The slope TOST tests for agreement between the plotted
modeled and observed data and a 1:1 slope. If the modeled versus observed data has a slope near 1,
this shows high model accuracy across the range of observations and suggests validation of model

structure—or that the model is accurate for the ‘right’ reasons (Pokharel and Froese 2008; Andrew
P. Robinson, Duursma, and Marshall 2005).
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Hg: The observations are dissimilar; FVS is not predicting FIA observed values within the defined
Smallest Effect Size of Interest (SESOI) (e.g., +/- 10%) of FIA observations for slope ot intercept
Hi: The observations are similar, FVS is predicting FIA observed values within the SESOI to FIA

observations

The TOST evaluates equivalence by treating model underprediction or overprediction as two
independent tests: model predictions failing on just one side of the test means the model is not
equivalent. The Smallest Effect Size of Interest (SESOI) sets the “cutoff” level of equivalence
expressed as a percentage deviation from the mean observed value. This SESOI value is selected
before conducting a TOST and can be interpreted as the maximum acceptable difference between
observed and predicted values before the model would be considered not capable of offering
reliable predictions for the purposes for which it is used. We conducted three TOSTSs, with
equivalence thresholds of 5%, 10%, and 25% that are consistent with previous validations of FVS
predictions of tree growth (Bagdon et al. 2021; Pokharel and Froese 2008; Andrew P. Robinson,
Duursma, and Marshall 2005). We perform a non-parametric bootstrap with 1000 replications to
develop confidence intervals around our observation means to see if the predictions fall within our
region of equivalence using the “equivalence” package in R Studio using an alpha level of 0.0125 (R
Core Team 2021; A. P. Robinson 2016; RStudio Team 2020). If our SESOI-constructed
Equivalence Levels do not fall within the bootstrap-constructed Confidence Levels, then the null
hypothesis of dissimilarity is supported. A TOST rejection of the null hypothesis of dissimilarity for
slope or intercept at either equivalence level can be interpreted as an equivalence between FVS
predictions and FIA observations at that equivalence level. The null hypothesis of dissimilarity
should be rejected for both slopes and intercept for the model to be considered equivalent.

Using Stand-Level Models to diagnose systemic FV'S prediction errors

Because land management style and vegetation type may account for patterns of over-or
underprediction, investigation of these patterns could highlight opportunities for future model
refinement. We identified five condition-level variables that might drive FVS errors: (i) FVS variant,
(i1) site class, (iif) stand age, (iv) reserve status, and (v) land ownership. We transformed stand age as
a categorical variable by classification into 50-year bins.

To evaluate the influence of these five variables on model error, we fit a multiple linear regression
model. This regression predicts carbon growth increment using potentially explanatory stand-level
variables and interaction terms for whether the data point is observed or modeled. Adding
interaction terms allow us to fit a linear model with different effects for the FVS and FIA values.
This helps tease out the differences for how different values within categories, like stand age or site
class, influence FVS errors in predicting carbon growth increment. When the FVS value exceeds the
FIA value, overprediction is indicated; underprediction is indicated when the reverse is true.

The dataset for regression analysis contains two entries for each stand: one with FIA observed
growth as the dependent variable and one with FVS-predicted growth, with all explanatory
variables identical and a binary, ‘run’ variable indicating whether the record’s dependent
variable is FIA observed or FVS-predicted. The linear model controls for differences in
explanatory variables such as stand density, site conditions, and initial stocks of forest carbon to
predict the FVS or FIA growth. Along with the ‘run’ variable, FIA Time 1 value, and the five
variables used as interaction terms, several other variables, drawn from both the FIA database
and FVS computed values from the initial visit, were included: Structure Class, Aspect, Slope,
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Basal Area, Stand Density Index, Number of Strata, Total Cover, Quadratic Mean Diameter
(QMD), Stratum 1 DBH, Forest Type, and Other Disturbance, a variable noting if there was a
non-fire disturbance impacting over 25% of the trees or sample area during the remeasurement
interval.

Using a Stepwise algorithm based on AIC from the “stats” base package in R, we dropped variables
identified as reducing model fit if they were not also a component of an interaction term variable of
interest (R Core Team 2021). Because the initial set of variables included some that may be largely
redundant (e.g., highly correlated metrics of density which are often collinear), we also used variance
inflation factors (VIF) to identify and further remove density and geophysical variables with VIF >
10. The final list of variables included the Run variable, FIA Time 1, the five interaction terms (e.g.,
Run by site class, variant, stands age, reserve status, and land ownership), Structure Class, Aspect,
Slope, Total Cover, QMD, Stratum 1 DBH, and Forest Type. Site class was one variable that
regularly emerged as having a high VIF, suggesting unsurprisingly high collinearity with other
variables. For example, productivity is not independent of ownership and stocking. We did not drop
site class as a predictor variable, despite such collinearity, because we believed it important to
explore patterns of FVS error across an explicitly defined productivity gradient.

The regression is implemented using the ‘Im’ function in the R, also in the “stats” package, and
model fit diagnostics are done using the R package “olsrt” (Hebbali 2020; R Core Team 2021). Data
was organized for analysis using the “tidyverse” package and plots were made using “ggplot2”
packages in R (H. Wickham 2016; Hadley Wickham et al. 2019). Because the interaction terms and
the number of covariates make it difficult to interpret the coefficients in the linear model output, we
use a prediction function to graph the mean predicted values for each category of interest. The
output linear model is then used to predict and compare growth values for FVS versus FIA using
the ‘emmip’ function in the “emmeans” package in R (Lenth 2022). The final linear model was
significant at a .01 cutoff with an adjusted R-squared of 0.67.

Tree-Level Evaluation: how does error vary by tree diameter and species?

To further evaluate the trends of where bias was observed at the stand level, we used the tree-level
measurements to test whether some species or diameter ranges might tend to have greater errors
when predicting growth. This information could help prioritize opportunities to improve model
predictions. For example, the growth model parameters for a particular species might need updating.

We expected that tree diameter class and species might be important predictors of FVS performance
because FVS relies on tree size relative to the rest of the tress in a stand to calculate growth and
allocate mortality, and because for some less common species, growth equations are “borrowed”
from other species, potentially opening opportunities less accurate growth predictions for certain
species (Crookston and Dixon 2005). We created five diameter classes to subset the trees: (i) less
than 12.7 cm, (i) 12.7 to 25.4 cm, (iii) 25.4 to 53.34 cm, (iv) 53.34 to 76.2 cm, and (v) greater than
76.2 cm. To analyze the role of species in tree-level errors, we selected the top six species by both
sample tree frequency—~Pseudotsuga menziesii (Douglas-fir, species code 202), Abies concolor (white fir,
15), Pinus ponderosa (ponderosa pine, 122), Notholithocarpus densiflorus (tanoak, 631), Quercus chrysolepis
(canyon live oak, 805), Calocedrus decurrens (incense-cedar, 81), and by tree volume, which added
Seqnoia sempervirens (redwood, 211), Abies magnifica (California red fir, 20), and Pinus jeffrey: (Jeffery
pine, 116) for a total of nine species. These subsets (for tree size and species) formed the basis of
additional equivalence tests, replicating the analytic approach already described for stand level
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analysis. Subsets where the null hypothesis of dissimilarity cannot be rejected provide an indication
of species and sizes for which out-of-the-box FVS simulation of carbon growth may not be valid.

Results

Bias and RMSE

Considering all forests in California, FVS predictions of carbon flux in live trees that remained live
~10 years later were 0.05 Mg/ha/year greater than observed (Table 2). In a state with 12.9 million
hectares of forest, this implies a 6.45 Tg overestimation of carbon flux into live trees over the ten-
year remeasurement period. The negative signs for bias for both volume and carbon measurements
suggest that FVS is overpredicting relative to FIA observations. Because carbon and volume are
recorded in different units and measure different entities (i.e., above ground live wood and bark
versus only bole wood), we calculated relative growth to determine if Bias and RSME are similar
between volume and carbon. The rest of this paper presents the findings only for carbon because
the relative growth metric showed volume was within 1% and 4% of the relative growth bias and
RMSE of carbon, respectively.

Egquivalence Tests

The TOST intercept results show that the FVS predicted growth increments are not within 10% of
the FIA observations at the mean and the slope result indicates a lack of agreement across stand-
level predictions with measured values (Table 3) (Figure 3). FVS annual growth predictions are
equivalent at the 25% level for mean values (intercept test) but not across the range of stand-level
predictions (slope test). The predicted carbon stocks pass equivalence tests at the 5%, 10%, and 25%
equivalence levels, so FVS projections of carbon stocks, one decade into the future, appear to be
valid at the testing thresholds we assumed. For the growth TOSTS that fail to reject the null
hypothesis of dissimilarity, we find the proportion of bootstrapped Confidence Levels falling below
the Equivalence Level. The larger proportion of the bootstrapped Confidence Level being below the
Equivalence Level is consistent with the negative bias results discussed previously, and it confirms
that FVS overpredicts growth rate and stocks relative to observations recorded on FIA plots. As a
robustness check, to investigate whether low productivity (<20 ft’/ac/year growth) forests may
account for at least some of the underprediction, we repeated the equivalence tests after removing
these stands (those with site class=7). After this change, the Annual Growth Increment passed the
slope test, but only at the 25% equivalence level.

Stand-Level Models

Consistent with the FVS overprediction established by the Bias and Equivalence Tests, the linear
model predicts a mean FVS value, 0.259 that is 55% greater than the mean FIA value, 0.162, in bone
dry Mg of carbon sequestered per hectare per year (Figure 4). For the explanatory variables tested
with interaction, linear model-output prediction enables assessment of the FVS effect across those
variables. Comparing the interaction term levels across the FVS variant, site productivity, stand age,
reserve status and ownership, we find instances of FVS both over-and under-predicting growth. The
differences between the mean FVS and FIA predicted increments on these interaction plots are the
differences between FVS outputs and FIA observations, holding all other variables constant.

Variant: FVS underpredicts growth for the Southern Cascades (CA) and South Central Oregon and
Northeast California (SO) variants by 10% of the FIA predicted values, and overpredicts by 22% of
FIA values for the Western Sierra Nevada (WS) and 44% for the Klamath Mountains (NC) variants.
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Most of California’s forest carbon stocks are within the NC and WS variants (Table 1); the modest
degree of underpredictions in CA and SO relative to the over predictions, particularly the NC
variant, means that FVS is not accurately reflecting carbon accumulation rates for the regions with
greater forest carbon stocks.

Site productivity: For Site Class values of 2 through 7, FVS overpredicts. FVS error increases as site
productivity decreases, (and site class, an ordinal variable that increases as annual volume
productivity decreases, increases), with the error greatest for site class 7 where the difference is
statistically significant and FVS overpredicts by 60% of the predicted FIA value. For the most
productive lands (site class = 1), FVS understates stocks and growth, though their overlapping
standard error bars suggest this difference is not statistically significant. The progressive decrease in
FVS prediction accuracy as site productivity decreases suggests an opportunity to build in a
calibration or correction for FVS predictions.

Stand age: FVS overpredicts growth for all age cohorts. The under 50 years cohort overpredicts less
than older cohorts, with less than a 4% overprediction of FVS relative to the predicted FIA value.
FVS overestimation is present in all the older cohorts, with the overprediction greatest for the 50-
100 and 100-150 cohortts. These older cohorts may be dominated by stands that have experienced
little or no active management. FVS was developed to support decisions about management by
projecting the results of alternative management activities that are more common in young growth
stands. Older stands under “caretaker” ‘grow-only’ management may be less well represented in the
data used to fit the FVS model. The stands that did not have an age recorded (categorized as age
cohort ‘NA’) exhibit FVS over-prediction like the 50 to 100 and 100-150 age cohorts.

Reserve Status: FVS overstates growth for both unreserved and reserved forests, though
overprediction is greater for reserved forests, at 15%, than for unreserved forests, where it is 9%.
Our analysis holds all other factors like site class and stand age constant for these predictions, and
we are only evaluating predictions for stands not managed over the growth interval; however, if less
management drives greater discrepancy, it is certainly the case that there is less management on
reserved forests.

Ownership: FVS overpredicts across ownership groups; on public forests, the overprediction is
18% above predicted FIA values. This overprediction is less for the ‘other public’ category,
15%, and overpredictions on private lands are comparatively modest, at 4%.

Tree-Level Models

Tree-level equivalence tests for all trees produced results consistent with what we observed at the
stand level. FVS predictions of carbon stocks in stands projected forward ~10 years are equivalent
to FIA observations of those stocks within 10% equivalence levels at the means (intercept) and
across the range of observations (slope) (Table 4). Annual Growth predictions are equivalent to FIA
values at 25% equivalence levels for the mean predictions, but not for the range of predictions
agreement tested by the slope. For all the tree and diameter subsets, except for Seguoia sempervirens
(211, SESE3) annual growth which fails the null hypothesis below the mean, the tests failed to reject
the null hypothesis of dissimilarity and had the bootstraps falling below the mean. The bootstraps
failing the null hypothesis below the mean suggests FVS over-prediction and is consistent with the
stand level tests.
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Exploring the diameter and species subsets, the species subsets are better at producing FIA
observed growth than diameter class subsets. Douglas fir, ponderosa pine, and white fir in FVS are
predicting FIA carbon stocks and growth at the means better than the all-species-combined tree
dataset and better than any of the diameter class subsets. Within the diameter subsets, the smallest
diameter class, representing trees less than 12.7 cm in diameter, is producing FVS stock and growth
predictions that are the most dissimilar to the FIA observations.

Discussion

As society increasingly relies on forests to mitigate climate change, notwithstanding their own
vulnerability to a changing climate, the need for accurate modeling of changes in forest carbon
stocks with time and prospective management becomes ever-more pressing. Accuracy
improvements begin with rigorous validation of existing models against quality-assured, longitudinal
sequences of forest measurements. Ideally, such data consists of a field-collected sample that
represents all forest conditions for which modeling projections are needed. We initiated such a
validation effort for FVS covering nearly all the forests in California, a state with outsized forest
policy ambitions, and one with a very large and spatially balanced, longitudinal sample of the forests
that grow there.

We included only stands that did not receive management during the decade remeasurement period,
dubbed grow-only, because we wanted to have many observations of FIA data that we could assess
FVS against. Moreover, validating FVS predictions for management activities requires knowing
exactly when and what kinds of management occured, data which is not readily available. While our
validation does not address the accuracy of FVS projections involving management activity,
validation of the base FVS growth model applies to management scenarios involving any growth
projection. We find that, at least in California, uncalibrated FVS simulations do not accurately
predict growth of carbon or wood volume within a range of error tolerance likely to be considered
acceptable for characterizing carbon sequestration. The average growth predicted by FVS was only
equivalent to the FIA measured value at the 25% equivalence level. Even at this level, the slope test
failed to reject the hypothesis of dissimilarity, suggesting that FVS is not predicting growth
equivalently to observed growth across the range of observed values. While it is hoped that model
calibration might allow FVS to predict sufficiently precise growth increment for carbon project
evaluation compared to using FVS out-of-the-box, the potential to apply such calibration is
contingent on the available inventory data (e.g., either prior measurements or radial growth cores),
which are not universally available.

FVS predictions of carbon stocks ten years hence, starting from current inventory data, were within
10% of FIA observations. We found that carbon stock predictions were equivalent to observations
both at the mean and across stands with different beginning carbon stocks. Using a combination of
current inventory and FVS projections may be a valid approach for short term predictions of carbon
stocks (up to 10 years). For practical purposes, this suggests that FVS can appropriately be used, for
example, to estimate initial carbon stocks for forests in California, consistent with the California Air
Resources Board’s (CARB) protocol for forest carbon offsets. Because forest inventory data may
predate project initiation by a few years, forest growth models may be used to update inventory
data-based carbon stocks data to the project start date. Our findings suggest that for such short
periods, stock prediction errors may be within acceptable bounds.
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While a 10% equivalence for short-term predictions of average carbon stocks might seem promising
for FVS, the lack of equivalence for growth predictions will compromise the reliability of multi-
decadal forest growth projections. Ten-year stocks are driven much more by initial stocks than by
growth; the same is not true for stocks 50 years hence. This is a troubling result given that FVS is
used to model growth in carbon stocks under the California Air Resources Board’s (CARB)
protocols, which require that management impacts on carbon sequestration be accounted over ten
decades. Given the errors introduced by FVS growth prediction over even a modest ten-year
projection, it may be technically infeasible to obtain valid characterizations of management tradeoffs
at century timescales. Even assigning carbon credits for activities tracked and predicted over shorter
periods may be too inaccurate for estimating carbon growth since the last inventory.

Our work illustrates how using multiple methods for validation can produce a better understanding
of the nature of model performance. While an essential performance metric, bias is not the entire
story. The linear regression-based equivalence tests offer two paths for understanding model
performance: the intercept and slope tests. From these tests, we find FVS is better at predicting FIA
at the means than it is for predicting accurately across the range of individual stands. This means
FVS predictions may be performing better at understanding carbon for an average growing stand,
but across the range of stand growth rates, it does not produce results that reflect FIA
measurements.

The findings of the tree-level equivalence tests are both consistent with and depart from validation
efforts undertaken for other FVS variants. In the Lake States variant, errors were also greatest for
the smallest tree diameter classes (Lacerte et al. 2004). These errors predicting the growth of small-
diameter trees should raise red flags for applying FVS where small trees are a substantial component
of the forest (e.g., actively managed young growth). For species-specific prediction errors, based on
the results of the parametric bootstrap in the equivalence tests, the growth of only one species,
Sequoia sempervirens, was underpredicted by FVS. By contrast, Bagdon et al. (2021) found more
variability, with some species subsets accurately predicted by FVS and others under- or
overpredicted.

Based on our findings, reliable growth projections will almost certainly require calibration of the
FVS model. FVS supports relatively automated calibration if there is previous diameter and height
measurements or growth information in the data to be projected. However, users often have only a
temporary plot to work with, making this calibration difficult unless radial growth cores have also
been collected. Even with FIA data, there may be too few trees of a species and size class on the
plot for calibration to be a viable option. That said, there is little doubt that FVS out-of-the-box will
not generate reliable predictions of growth. We caution users against implementing FVS in this way
and alert them to the need to calibrate. Our findings underscore the need for investment in
calibration tools to support more reliable predictions.

FVS was designed to support management decisions and was largely fit using data from forests that
were actively managed and not in late successional status. Our findings are consistent with the
intended use of FVS, with results most accurate for stands aged less than 50 years and
overprediction being greater for less intensively managed reserved forests. However, given that more
than half of forests in California receive no management, and that many if not most carbon projects
are linked to benefits assumed to accrue to drastically lengthened rotations and/or withdrawal from
management, the dearth of forest growth models capable of accurately predicting prospective
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carbon growth rates is alarming. Inaccurate growth predictions may lead to management regimes,
selected for their climate or carbon benefit, that fail to deliver anticipated benefits.

These errors in FVS predictions especially impact the Forest Service lands in California. Public land
managers aim to deliver on multiple objectives, including promoting accelerated development of old
growth forests while maintaining high rates of carbon sequestration. However, our results suggest
that FVS overstates growth rates in stands that are older and/or experience less intensive
management. Forest plans relying on the base FVS model without stand-specific calibration may
misrepresent potential forest growth and associated benefits. Claims of increased carbon
sequestration in California forests, based on out-of-the-box FVS simulations that don’t feature
active management, merit particularly tough scrutiny.

These results do not directly measure the potential for over-crediting of forest carbon offsets.
However, our work does apply to landowners and advisors considering deployment of FVS to
evaluate the potential of forest management options to add forest carbon as a revenue stream. Using
a grow-only prescription as a baseline against which to compare alternative management scenarios in
FVS will, on average, lead to an overprediction of baseline carbon stocks and growth. Significant
overpredictions are consistent with work claiming FVS introduced over 70% of the modeling
uncertainty when modeling increasing rotation length for Improved Forest Management offsets over
100 years (Fischer et al. 2016). Reliance on FVS as a basis for evaluating carbon management
tradeoffs and expected payouts may lead to disappointment among landowners, carbon credit
investors, and enterprises and institutions counting on forests carbon credits to meet climate goals.
Notably, we found FVS accuracy is greater on private lands, which are more actively managed, than
on public lands, which are less so. This is fortunate, in terms of impacts of FVS accuracy on
California’s carbon market, because only on private lands are currently eligible for participation, not
the federal lands on which overstatement of carbon sequestration in the absence of management is
most egregious.

Forest carbon protocols and management plans will continue to include options ranging from
caretaker management to lengthened rotations as options for landowners to consider, while
weighing putative climate mitigation benefits against other forest objectives. Overstated growth rates
may enhance the appeal of lengthened rotations and caretaker management for those who seek to
manage for carbon benefits—but such benefits may be illusory. Federal forest land contains the
overwhelming majority of California’s carbon stocks, much of it in stands with high carbon density.
The lack of accurate carbon modeling capability for these forests poses a significant challenge for
planning climate mitigation responses for these forests. The solution to this problem almost
certainly involves better and more transparent processes for carrying out calibration. Ultimately, this
will likely include updating the out-of-the-box model to reflect what can be learned through
calibration. Until then, calibration will be essential for any growth projections intended to inform as
to the outcome of management alternatives; even then, analysts are advised to consider what is now
known as to how specific conditions in the forest being modeled may contribute to FVS growth
prediction errors.
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Tables

Table 1. Live tree carbon stocks observed at the remeasurement visit and flux calculated as stock
change between the installation and remeasurement visits, for trees observed to be live at both visits
and growing on land classified as forest at both visits, by stand age class and variant, and
proportions of carbon stocks and flux by owner group.

Summary Carbon Stock and Observed Growth by Variant and Stand Age

Crrow Oy "Abovegromnd Live

IS Vardemnt Ohinership I (il Sierrred A ge -
artenn wnership Droporfion corned A e n Carbon (Mg}
== 50} RE R15 569
S0-100 313 6,265,330
CA
100150 171 4,751,089
130-200 52 1,541,091
=200 58 2,485,565
Llnknown 183 1,5351.630
S0 134 2,573,372
S0=100) 202 6,807,738
NC
100-150 22 4,291,585
150-200) EES 2 568,082
=2 38 2,420,303
Ulnknown 33 138389971
== Al 20 132856
S0-100 187 1,886,297
S0
100-150 L) 1,738,321
130-200 12 337,833
=2 23 566,941
Unknown 4 7547
== 50 102 B30,302
50-100 327 7,701,272
W5
100-150 274 8,853,084
130200 160 4,932,200
20 201 6,252,942
TInknown 230 |63, 264
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Table 2. Bias and RSME results for stand-level above-ground, non-foliar, tree carbon (wood and
bark) and bole wood volume, comparing Time 2 (stocks predicted ~10 years forward), Relative
Growth (with respect to initial stocks), and Annual Growth Increment

Bias statistics

Measure | Metric Time 2 Relative Growth (%) | Annunal Growth Increment
Carbon | -0.50 Mg/ha -27.20 -0.05 Mg/ha
Bias
Volume | -1.58 m’/ha -27.73 -5.63 m3/ha
Carbon | 1.49 Mg/ha 241.76 0.15 Mg/ha
RMSE
Volume | 5.42 m’/ha 245.32 19.25 m3/ha
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Table 3. Equivalence test outcomes for intercept and slope for Time 2 (stand-level above-
ground, non-foliar, carbon stocks) predicted ~10 years forward and Annual Growth at 5, 10, and
25% SESOI

Result of Carbon Intercept Test

, . Mean Mean . , , Bootstrap Bootstrap Bootstrap
SESOI  Metric Observed  Predicted Hypothesis  CI Lower CI Upper EI Lower EI Upper Below  Within Above
Time 2 12.26 12.76 Reject 12.2 1231 1212 134 0% 100% 0%
5% Annual
Growth  0.21 0.26 0.21 0.25 0.27 100% 0% 0%
Increment
Time 2 12.26 12.76 Reject 12.2 1231 1148  14.04 0% 100% 0%
10% Annual
Growth  0.21 0.26 0.21 0.23 0.28 100% 0% 0%
Increment
Time 2 12.26 12.76 Reject 12.2 1231 9.57 1595 0% 100% 0%
25% Annual
Growth ~ 0.21 0.26 Reject 0.2 0.21 0.19 0.32 0% 100% 0%
Increment
Result of Carbon Slope Test
e . . S Bootstrap Bootstrap Bootstrap
) T
SESOI  Metric Hypothesis  SESOI CI Lower ~ CI Upper EI Lower EI Upper Below  Within Above
Time 2 Reject 5% 0.98 0.99 0.95 1.05 0% 100% 0%
5% Annual
Growth Not Reject BRA 0.71 0.77 0.95 1.05 100% 0% 0%
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Increment
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Table 4. Tree level equivalence test results for above-ground, non-foliar, tree carbon stocks
predicted ~10 years forward and annual carbon growth for subsets of diameter groups and species.
Blackened boxes indicate tests that failed to reject the null hypothesis of dissimilarity. The black box

with the white asterisk indicates the test where the bootstrapped sample is above the equivalence
region.
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Figures

Figure 1. Approximate locations of FIA plots in California used for this analysis, shaded by FVS
Variant.
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Figure 2. Data and workflow diagram for validation analysis.
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Time 2 Predictions Reject Dissimilarity Hypothesis Annual Growth Fails to Reject Dissimilarity
At smallest effect size of interest (SESOI) 10% At smallest effect size of interest (SESOI) 10%
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Figure 3. Scatter plots of above-ground, live tree, wood, and bark carbon at Time 2 (stocks ~10
years following initial measurement) and Annualized Growth for stands with equivalence confidence
intervals with SESOI at 10%
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Transitions between Chapter 2 and 3

Forest land managers seeking to make evidence-based decisions on resource management need
accurate models calibrated for their systems. In Chapter 2, I validated the Forest Vegetation
Simulator on 99% of the trees in California and found the predicted growth rates are significantly
dissimilar to observed growth rates over a short timeframe. Without further model calibration to
correct for this overestimation of carbon growth rates in forests, forest managers may
inappropriately select silvicultural treatments for forests that will under-sequester based on lower
observed growth than the model projects.

Even with more accurate models, people managing forests are trying to achieve difficult objectives,
like operationalizing ‘forest resilience’ or ‘climate adapted forest.” These decisions will be context
specific and present tradeoffs across different scales. In my third chapter, I explore how managers
have interpreted objectives around carbon storage in California forests. Ecosystem carbon pools are
dependent on the total carbon stock and the rate of carbon turnover. Managing forest carbon in
ecosystems that are experiencing more severe fire disturbances creates tradeoffs for maintaining
aboveground forest carbon because the rate of carbon turnover can increase. Land use sciences
regularly investigates tradeoffs involved in land management. This field can be applied to evaluate
the tradeoffs public agencies create when designing policy. In the third chapter, I explore how two
state agencies that have created policies for private landowners to manage forests for climate goals.
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Chapter 3. Managing nature-based solutions in fire-prone ecosystems:
Competing management objectives in California forests evaluated at a
landscape scale

Claudia Herbert, Barbara Haya, Scott L. Stephens, Van Butsic

Abstract

California’s cap-and-trade compliance offset market incentivizes existing forest managers to
maintain elevated carbon stocks. It provides these incentives without enforcing standardized fire
mitigation practices despite many such additional aboveground carbon stocks being located in fire
prone regions. Here, we evaluated the difference between management actions in California forests
that participated in the carbon offset market versus those that engaged with other state programs to
reduce wildfire risk via fuel reduction treatments. Using remotely sensed data from the California
Forest Observatory and the Moderate Resolution Imaging Spectroradiometer, we compared the
vertical forest structure and vegetation canopy trends on forest offsets with forests that are receiving
fuel treatment. We found California forests managed for carbon under the Improved Forest
Management (IFM) program by the California Air Resources Board had higher levels of biomass
than forests managed for fire risk reduction as indicated by 2016 lidar-estimated fuel loads. Further
evaluation of these IFM-participating forests between 2016 and 2020 found that such projects did
not reduce their fuel loads, whereas lands receiving grants for fuel management did, indicating that
on average, the IFM projects were not engaging in fuel reduction efforts. However, despite the
differences in fuel management between IFM projects and active fuel treatments, we found that
both types of management saw an average declining trend in vegetation greenness between 2015-
2021. While declining greenness is expected of active fuel treatments associated with vegetation
removal, such a trend in the case of IFM projects (i.e., forests without active vegetation removal)
introduces additional wildfire risk. Managing forests for long-term carbon storage and sequestration
should consider fire risk mitigation. If we are seeing little evidence of fuel reduction in the first
decade of IFM projects implementation, assumptions around the century-long duration of such
carbon stocks are potentially in need of recalibration. We recommend that policymakers reevaluate
the incentives being directed at carbon stock preservation or expansion to better encompass the
growing wildfire risk in California.

Keywords: forest carbon; wildfire; fuel management; remote sensing; Improved Forest
Management; offsets
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Introduction

Fire releases carbon stored in forest biomass into the atmosphere, making wildfires a threat to
storing carbon in forests (Hurteau & Brooks, 2011; M. P. North & Hurteau, 2011). In California,
wildfires are having a negative impact on aboveground live carbon stocks in forests: between 2001
to 2010 the estimated aboveground live carbon stocks in California declined by a rate of 0.8% per
year. These declines were primarily driven by wildfire disturbances occurring on just 6% of the total
forest area (Gonzalez et al., 2015). The emissions associated with burning forests drive most of the
estimated greenhouse gas emissions from wildfires in California and these emissions may increase as
climate change is expected to increase areas burned in California, in part from warming-driven fuel
drying (California Air Resources Board, 2020; Westerling et al., 2011; Williams et al., 2019).

The growing impact of wildfire on carbon emissions is occurring within an already existing forest
management crisis. Over a century of fire removal and suppression has altered species composition
and function in the Western United States (Collins et al., 2017). Forests in California are, on average,
supporting higher tree density, with an estimated six-to-seven-fold increase in tree density between
1911 to 2011 (M. P. North et al., 2022). Most forest stands in California support tree densities which
place them in full competition, reducing tree growth efficiency and resilience to stressors like
drought and fire, and putting them at high mortality risk (M. P. North et al., 2022). With expected
increases in climatic stressors from climate change, these current forest densities are not sustainable.
Using historic forest condition data to predict forest survival under future climate scenario RCP 8.5,
research on the Sierra Nevada and Southern Cascade has found that forests may be unable to
support aboveground biomass above 25% of its current average levels (Bernal et al., 2022).

From a carbon perspective, increases in tree density do not necessarily translate to increased forest
carbon because the tree density has been primarily from small-diameter trees. The combination of
removing frequent fires and legacy of logging the largest trees have caused a decline in large trees in
California forests by 50% between the 1930s to the 2000s, being replaced with smaller trees, and
species composition shifting away from pine dominance (Mclntyre et al., 2015). This shift in
dominance of smaller, fire-sensitive trees has reduced total live carbon stocks (M. North et al.,
2009). The largest 1% of trees make up about 30% of live aboveground biomass in the United
States, and generally, large trees dominate carbon stocks in temperate US forests (Lutz et al., 2018;
Mildrexler et al., 2020). Additionally, because carbon accumulation increases continuously with tree
size, large-diameter trees being replaced with small-diameter trees negatively impacts the rate of
carbon sequestration, along with reducing total carbon stocks (Stephenson et al., 2014). These
changes in forest structure and density are exacerbated by acute drought stressors, which create
forest conditions where subsequent disturbances have the potential to be more severe than they
otherwise would have been (Stephens et al., 2018). Another consequence of increasing disturbance
severity is that these more severe disturbances can alter plant successions away from forests to grass
ot shrublands (Falk et al., 2022). Forest conversion to other types of vegetation cover can bring with
it reduced aboveground carbon storage capacities and fire regimes that burn more severely (Coop et
al., 2020). This interplay between climate change, fire exclusion, and antecedent disturbances
changing forest composition creates the conditions that make mega-fires (Stephens et al., 2014).

Despite these challenges, for forests in the Western US, management aimed at vegetation removal
from either forest restoration or fuels reduction could promote forests better able to withstand
changing fire, drought, and beetle stressors (Stephens et al., 2021). Fuel treatments can address the
imminent threat of extreme wildfires, while forest restoration efforts can reduce forest density by
using tools like prescribed fire and restoration thinning treatments to reduce available fuels to
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prevent the worst effects of extreme wildfire (Stephens et al., 2020). Along with effectively reducing
fire severity, meaning reduced tree mortality, fuel treatments can also reduce wildfire emissions (M.
P. North & Hurteau, 2011). Widespread prescribed fire application could reduce fire related CO2
emissions in the Western US by 18-25% relative to a business-as-usual scenario (Wiedinmyer &
Hurteau, 2010).

To increase the pace of implementing fuel treatments in California, the California Department of
Forestry and Fire Protection (Cal Fire) provides landowners funding, planning, and implementation
support to reduce costs of implementing fuel treatments. There are five Cal Fire programs that
support fuel reductions: The California Fire Plan, Vegetation Management Program, Forest Health
Grants, Fire Prevention Grants, and California Vegetation Treatment Program. Landowners
supported by these grants for fuels reduction can achieve their goals using a diversity of methods,
including prescribed fire, tree thinning, pruning, chipping, and roadway clearance (CAL FIRE,
2022). From a carbon accounting perspective, deciding to implement a fuel treatment means an
immediate reduction in total amount of carbon, as fuel treatments remove or burn vegetation. Even
if management causes some temporary reductions in carbon, over a century, large-scale restoration is
projected to increase carbon stability (Liang et al., 2018). In fire prone ecosystems, stable carbon is
the amount of carbon that is predicted to survive a wildfire. Managing stable carbon stocks in
forests requires balancing total carbon pools against disturbance risks that emit carbon. Based on
research from California forests, prescribed fire, mechanical treatments, or a combination thereof
have been shown to increase stable live carbon (Foster et al., 2020; M. North et al., 2009). Programs
like California Fire Plan explicitly reference fuel reductions as part of maintaining California’s carbon
sinks and have overarching goals of improving forest health through fire risk reduction (State Board
of Forestry and Fire Protection & CAL FIRE, 2018).

Stable forest carbon management, which includes fuel management, is needed to maintain carbon
durably in California forests. Yet, a large portion of funding in response to climate change has been
to pay landowners for increasing aboveground forest carbon to offset greenhouse gas emissions
elsewhere. One example of such a program is California’s cap-and-trade Compliance market. This
program is administered by California’s Air Resources Board (CARB) which facilitates a carbon
market where forest landowners can enroll in an Improved Forest Management (IFM) offset
program and be paid for managing existing forests for carbon stock maintenance and expansion (Air
Resources Board, 2011; Projects, n.d.). IFM projects in this market are intended to store carbon for
100-years above a regionally determined carbon baseline. Before the project is awarded carbon
credits, the IFM project owner submits initial documents to registries disclosing how they intend on
increasing aboveground live carbon for the next century. This can include strategies like increasing
rotation length, decreasing harvest intensity, or switching to uneven age management. IFM projects,
once validated and issued credits, cannot significantly reduce on-site carbon stocks without a

penalty.

CARB and Cal Fire currently administer programs that pay private landowners for forest
management, with both agencies interested in stabilizing and storing carbon in forests. Forest
landowners in CARB’s Improved Forest Management (IFM) offset program are incentivized to
increase aboveground carbon, while the grantees of the Cal Fire program are supported to
temporarily remove aboveground carbon. Forest carbon offset programs that require sustaining
already elevated forest biomass create the possibility for conflicting incentives with stable carbon
management. And these IFM programs are relatively popular; credits generated from IFM projects
represent 82.8% of the credits that have been retired during the compliance periods in California’s
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compliance market (CARB Offset Credit Issuance Table, n.d.). Focusing on increasing aboveground
carbon in fire prone forests could lead to management decisions counter to stable carbon storage
(Bernal et al., 2022; Hurteau et al., 2008; M. P. North & Hurteau, 2011). It is unknown if these IFM
programs effectively target forest where biomass increases or decreases will lead to long term stable
carbon on the landscape.

IFM projects are minimally incentivized to do fuel treatments under the current standard design.
The buffer pool is a reserve of credits that every IFM project contributes a set amount of their
issued credits to as an insurance policy. Typically, a project contributes 9-19% of issued credits, with
an average around 15%, to this pool (CARB Air Resources Board, 2011). Projects that complete a
‘qualified’ fuel treatment can receive up to a 2% reduction on their buffer pool contribution,
meaning the project owner receives a greater percentage of the credits generated. This 2% incentive
for fuel treatments is the only way a project can reduce its contribution to the buffer pool for natural
disturbance risks and requires a third-party auditor confirm the fuel treatment. Yet, based on the
observed contributions projects are giving to the buffer pool, most of the IFM projects in California
are not taking advantage of this buffer pool contribution reduction.

The problem for assessing the effectiveness of IFM project management strategies is that it is
difficult to determine exactly which types of management takes place within IFM projects. While the
projects submit documentation to public registries, in practice, these documents vary in the level of
detail and supplemental information provided describing management plans. Information like
whether a project owner plans on funding fuel management in the forms of mechanical thinning or
prescribed fire between harvests is not required in the documentation, even if a IFM project owner
intends on employing one of these techniques. The other limitation on relying on registry-submitted
documentation is that it details a project owner’s intent, but they are not bound to execute the
detailed management, they only need to maintain carbon levels above a regionally determined
baseline and any crediting increases above that baseline. It would be reasonable to expect some of
these projects are using fuel management given the legacy of fire suppression increasing tree density
and the growing understanding that climate change will exacerbate threats to storing carbon in trees,
but use of fuel treatment in IFM projects has never been quantified.

Here we use novel remotely sensed data and a host of statistical techniques to answer two main
questions. First, how common are fuel treatments on IFM lands and how do these treatments
compare to treatments carried out under Cal Fire fuel reduction programs? Second, we ask if forest
health, as proxied by vegetation greenness, has changed on IFM forest relative to forest that have
received Cal Fire grants. By answering these questions, we hope to better understand if California’s
large carbon offset credit program is effectively addressing the tradeoffs between carbon, fuel
management, and vegetation health outcomes.

Materials and Methods

Study Area

IFM projects under California’s compliance offsets market can be developed on any private forest in
the United States. We limit our analysis to the IFM projects in California, where projects are in the
North Coast and Southern Cascade regions (LANDFIRE, 2001). This research spans forests in
California that are managed under the IFM offsets or Cal Fire fuel treatments from the same region
(Figure 1). We excluded fuel treatments from outside of these two regions because there may be
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regional variability in fuel loads and vegetation trends that would make them too different to
compare to the IFM projects.

Data

Cal Fire’s Management Activity Project Planning and Event Reporter (CaIMAPPER) database
includes location and project information for forest and fuel management projects across Cal Fire
programs (CAL FIRE, 2022). We used GIS treatment polygons produced by Cal Fire which record
areas of grant funded fuel treatments to establish how fuel treatments alter vegetation in forests
within the same regions as the IFM projects.

CARB-approved IFM projects submit GIS shapefiles or maps of project boundaries to the three
registries approved for CARB offset use, American Carbon Registry, Climate Action Reserve, and
Verra. The dataset we use to determine where IFM projects occur in California are based on these
submitted project boundaries to the registries (Stapp et al. 2022). This data represents 31 of the 40
CARB-approved IFM projects in California. The remaining nine projects listed on the public
registries lacked spatial data. We have no reason to believe projects with missing geospatial data are
absent for a systemic reason, so we proceed with the analysis using the available data, considering
this a representative dataset of the CARB-approved IFM projects in California.

We limited the CaIMAPPER treatment polygons to projects that had ‘fuel reduction’ recorded as the
“Treatment Objective’ and were in the North Coast or the Southern Cascade region (CAL FIRE,
2022). This limited our dataset to projects that were in the California Fire Plan, Vegetation
Management Program, and Forest Health grants. This dataset included 448 Cal Fire-approved fuel
reduction projects. Cal Fire grants span across California and the data is provided both as a larger
project boundary and the polygons where management activity occurs. This analysis uses the more
specific polygons where management occurs for sampling, called the Treatment Polygons. We used
the fuel treatments start and end dates to determine the status of fuel reduction activities and gain a
better sense of how fuel treatments change vertical structures of fuel over time. Projects that had
end dates prior to 2016 are recoded as ‘Completed Fuel Treatments,” projects that were completed
by 2020 were recorded as ‘Active Fuel Treatments,” and projects that did not begin until after 2020
were recorded as ‘Planned Fuel Treatments.’

The California Forest Observatory produced annual maps of fuels for forests in California at 10-
meter spatial resolution from the summers of 2016 and 2020. The fuel structure data are modeled
products based on satellite radar, satellite spectral imagery, and airborne lidar flights (California
Forest Observatory, 2020). Airborne lidar is a useful tool for estimating fuel loads because it can
penetrate canopy covers to estimate vertical structures of vegetation based on the timing and density
of points that return to the sensor (Jarron et al., 2020; Mutlu et al., 2008; Su et al., 2016). The
California Forest Observatory lidar-derived fuel maps represent the best available fuels dataset that
has both high spatial resolution and is produced for multiple years. This spatial and temporal
coverage was necessary for research studying how fuels change over time at a landscape scale. Fuel
data includes ladder fuel density (%), surface fuel (unitless), canopy cover (%), canopy height
(meters), canopy layer count (#), and canopy base height (meters), relevant to fuel and carbon
discussion. L.adder fuel density (r2 = 0.78) considers the lidar point returns from 1 to 4 meters above
ground returns which represent the proportion of surface fuels in the understory. Surface fuels are
based on outputs from Scott & Burgan Fire Behavior Fuel Models where higher values show higher
levels of surface fuels. Canopy cover (r2 = 0.91) reports the horizontal cover fraction from tree
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canopies. Canopy height (r2 = 0.80) is the distance between ground and top of canopy returns.
Canopy layer count (r2 = 0.765) is the number of distinct vertical canopy layers, which could be a
proxy for leaf area index or canopy complexity. And canopy base height (r2 = 0.70) is the distance
between the ground and the lowest branches in the canopy, predictive of whether a surface fire will
transition to a canopy fire (California Forest Observatory, 2020). For all but surface fuel estimates,
the California Forest Observatory produces accuracy estimates (S. Figure 1). Using the California
Forest Observatory produced API in Jupyter notebook, the six types of fuel data from 2016 and
2020 were queried for the study area.

Using the ‘geemap’ package for Google Earth Engine access in Python, this fuel data was sampled
within IFM project and fuel treatment areas at a 300-meter sample grid. We choose this grid size as a
good trade-off between increase sample observations and limiting spatial autocorrelation. Sampled
observations of fuel and fuel change were exported as a CSV file for further analysis in R Studio.

Objective 1. Lidar-based fuels comparison

We compare changes in IFM projects with different stages of implemented fuel treatments
(completed, active, and planned) to test if IFM projects alter fuels in ways that resembles fuel
treatments. For example, if the IFM projects are managing fuels during the study period, then they
might appear to change fuels in similar ways to active fuel treatments. We expected active fuel
treatments would have a reduction in the fuel, while the completed and planned fuel treatments
might have a positive change in fuel strata estimates, as vegetation recovers after previous fuel
treatments or grows prior to future fuel treatments. Depending on how the IFM projects changed
during this remeasurement relative to the three stages of fuel treatments, we can determine if fuels
have been managed. The input of the fuel analysis is the CAFO lidar-based dataset which produces
estimates of different vertical levels of carbon.

Because we were interested in observing which strata are most impacted by fuel treatments or IFM
project management, we analyzed the six fuel treatments as separate regressions to understand how
these management approaches altered forest and fuel structure. For example, using a popular ‘thin
from below’ silvicultural approach will maintain high levels of canopy cover and canopy height and
remove the non-dominant trees that could carry surface flames from surface to canopy. The result
of such a treatment would be a reduction in surface and ladder fuel, an increase in canopy base
height, a decrease canopy layer count, and little or no-change in canopy cover or canopy height. We
report all tests for the following section for the six separate fuel strata because the direction of
changes over time depends on the strata of fuel evaluated.

Fuels in IEM and fuel treatments

To understand if fuels differ between IFM projects and fuel treatments, we first compared fuel
estimates for IFM projects and Cal Fire fuel treatments at the beginning of our study period. We
compared, offsets to the three categories of fuel treatments and we visualized our results by creating
a boxplot of the starting 2016 fuel estimates by fuel type and region (Figure 2).

Propensity score matching

Forests managed as offsets may differ from forests eligible for grant-funded fuel treatments, creating
a form of selection bias. Therefore, we use propensity score matching to prepare a dataset that limits
the differences between our controls, or fuel treatments, relative to our treatments, or IFM offsets
(Austin, 2011). We use factors associated with vegetation growth because we thought factors that
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might contribute to whether a forest is an offset or receives a grant-funded fuel treatment might be
associated with how productively vegetation grows on that site. Along with sampling how fuel
changed at each sample, we sampled climatic variables like total winter precipitation and max
summer temperature as annual composites from 2016-2020, physical variables like elevation, slope,
and aspect used in parametric matching (Table 1). The climatic variable selected were based on
variables considered important for predicting forest survival (Bernal et al., 2022). We implemented
this parametric matching to identify fuel treatments that were otherwise like IFM offsets using all the
variables noted in Table 1, the fuel estimate from 2016, and a variable signifying which region the
IFM project or fuel treatment is located.

Linear Regression

This matched dataset was used in a linear regression to predict the change in fuel loading controlling
for the variables used for matching, the starting fuel estimate from 2016, the region, a treatment
term, indicating whether the sample was taken from an offset, or a fuel treatment completed by
2016, and an interaction term between region and treatment. The interaction term allowed us to
independently predict the treatment effects for the two regions studied. We used the output of the
linear regression in an estimated mean marginal effects model to predict the change in fuel load
based on treatment and region using the interaction term. To understand the effect of fuel load
changes on IFM projects relative to fuel treatments, we used the linear regression outputs to predict
changes in fuel for a four-year period for the IFM projects and fuel treatments. This allowed us to
report the effect in same units as the original fuel estimate, easing interpretation. Predicted changes
in fuel estimates that are greater than zero indicate that fuel is predicted to increase for that group,
whereas a change in fuel that is less than zero indicate that there is a predicted loss of fuel,
consistent with vegetation removal. The pre-regression matching, linear regression, and prediction
was repeated for the six types of fuels estimated from the California Forest Observatory dataset.

Object 2 Spectral Based comparison

Beyond changes in total fuel amount, changing vegetation greenness also has implications for forest
carbon and fire risk. A forest may show signs of vegetation stress or declines in productivity through
decrease in canopy vegetation greenness (Sims et al., 2006). Forests with reductions in greenness
may also indicate areas of increased fuel dryness, making it more available to burn if there is a fire
(Roberts et al., 20006). We used satellite-based spectral estimates of vegetation greenness using the
Enhanced Vegetation Index (EVI). EVI was designed for use in high density vegetation areas and
has been demonstrated to be efficient indicators of forest productivity and die back (Ogaya et al.,
2015; Sims et al., 2000).

This estimate of vegetation greenness, was calculated in Google Earth Engine using the Moderate
Resolution Imaging Spectroradiometer (MODIS) imagery, based on the Non-Parametric Trend
Analysis tutorial (Nicholas Clinton, n.d.). The MODIS EVI data product was the basis of a
constructed time series of vegetation greenness between 2015-2021 based on clear-sky, cloud-
corrected imagery collected between August and September. A Kendall-Man non-parametric trend
analysis was used to reduce the EVI time series imagery to identify areas of increasing or decreasing
vegetation greenness. These analyzed timeseries data produced a single number of the observed
trend in greenness for Objective 2. A positive EVI Kendall Mann value indicates that the vegetation
greenness is increasing over time. The MODIS EVI data was sampled for the offset and project

areas using the same sample grid at 300-meter density that was used for the fuel analysis in Objective
1.
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Bootstrap for determining differences in the median greenness trend

To further analyze how the trends of vegetation greenness differ between the two types of forest
management, we used a bootstrap to estimate the true differences between the sample median
values. The strength of this approach is that it can take non-normally distributed observations, with
differing variances, and develop a test that compares whether the two samples might be similar
(Johnston & Faulkner, 2021). We used a two-sample bootstrap to test whether the median changes
in vegetation greenness differed by offset and fuel treatment groups. This two-sample bootstrap test
samples the different group with 5000 replications to estimate the true median differences. For
observations like trends in vegetation greenness, where the observations may not be normally
distributed, this is a non-parametric statistical test that can determine if there is a statistically
significant difference between median values of the offset and fuel break groups and can estimate
the magnitude of difference between groups. When the median differences for two groups contains
zero, the two groups can be considered similar. To determine statistical significance, confidence
intervals were constructed around the bootstrapped estimates and a 0.05 alpha level. Along with
determining whether there is a statistically significant difference, this test also established the
direction of differences between the two samples. A negative bootstrap differences indicate that the
median IFM projects have vegetation greenness is lower than the median fuel treatments. A positive
bootstrapped median difference indicates that the fuel treatments have improved vegetation
greenness more than the IFM project.

Validation

Previous research has found that public datasets produced for tracking timber and non-timber
management from the Forest Service and Cal Fire overrepresented areas of treatments (Knight et al.,
2022). Since this work relies on Cal Fire’s CalMapper data to create the sampling boundaries for the
fuel treatment areas, we assessed if there was a logical change in carbon levels based on our
classification of ‘completed,” ‘active,” and ‘planned’ fuel treatments. We expected that planned,
projects that had not started by 2020, would have higher ladder and surface fuel estimates than
active projects; the completed fuel treatments would have the lowest surface and ladder fuel
estimates; and that the active fuel treatments would show the greatest reduction relative to the other
two types of fuel treatments. Our validation check suggested that our sampling scheme using
CalMAPPER was accurately capturing changes in fuel loads consistent with active, complete, and
planned fuel treatments. Active fuel treatments tend to have more negative changes in fuels than the
completed and planned fuel treatments (8. Figure 2).

Results

Objective 1. Lidar-based fuels comparison

Fuels in IEM and fuel treatments

IFM projects have higher starting levels of fuel estimates than the forest where fuel treatments were
completed or were active during the observation period. Based on the 2016 CAFO fuel estimates,
IFM projects have the higher average ladder, canopy cover, canopy height, and canopy layer count
than the fuel treatments that were active after 2016 or completed by 2016 in both the Southern
Cascade and North Coast region (Figure 2a, c, d, e).

For a fuel metric like canopy cover or canopy height, it makes sense that forests identified for

carbon management would have high forest coverage, as tree height is correlated with tree size and
dense forests would have higher canopy cover. The low canopy cover for fuel treatments in the
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Southern Cascade region, as low as 25% for Active fuel treatments, could be attributed to the higher
number of fuel treatments that are linear, possibly adjacent to roads. There are differences in the
2016 estimates of the vertical structure and canopy conditions estimates for forests where IFM
projects are located relative to fuel treatments that will require addressing for further comparison.

Propensity score matching

The pre-regression matching improved the covariate balance between the control and treatment
groups (S. Figure 3). There remained some differences for the temperature and precipitation
variables that out method for matching could not resolve. Because the matching did improve the
mean differences in the relevant 2016 fuel estimate (e.g., cc_2016 for canopy cover in 2016), which
our boxplots indicated were different between the IFM projects and fuel treatment groups, we felt
that this matched dataset effectively reduced some bias between treatment and control observations.
The pre-regression matching reduced the dataset from 24,051 observations to 11,378 observations
with equal number of treatment and control observations. There were too few observations from
the planned fuel treatments in the Southern Cascade region to make inference, therefore this group
is not reported.

Linear Regression

IFM projects have greater predicted changes in vertical structure and canopy composition than the
fuel treatments (Figure 3). This indicates that even controlling for differences in biophysical factors
that impact forest growth and the starting fuel loads, the observed changes in forest structure on
IFM projects is increasing faster than the forests that are receiving or will receive fuel treatments.
IFM projects have changes greater than zero for ladder and surface fuels that indicate increasing fuel
amounts. However, the IFM projects are also the only group that had a predicted positive increase
for forest height and canopy cover, which both would be consistent with increasing carbon stored in
live tree carbon. Because there are not overlapping standard errors between the IFM projects and
the active fuel treatments for any of the metrics, we conclude IFM projects are not reducing fuels
like forests that are receiving fuel treatments.

In the North Coast region, where there were enough observations also evaluate planned fuel
treatments, predictions of IFM projects changes were the closest to planned fuel treatments for
changes in canopy base height and changes in canopy layer count. Of the predicted values from the
fuel treatments, IFM projects did have predicted changes closer to the observations on planned fuel
treatments. In the Southern Cascade region, IFM projects have predicted values closer to completed
tuel projects.

Object 2 Spectral Based comparison

The average trend for the Kendall-Mann test of vegetation trends in greenness are reported for the
IFM projects and fuel treatments for the two regions (Table 2). IFM projects in the North Coast had
a negative trend in vegetation, expressed in a spectral EVI trend change of -29.10 (unitless). The
negative value indicates a loss in vegetation greenness or productivity. The two IFM projects in the
Southern Cascade region were the only group in our sample that had a positive trend in vegetation
greenness, of 9.94 (unitless).

In the North Coast region, the completed fuel treatment in the North Coast had the most negative

mean vegetation greenness trend. This could be from delayed treatment effects from prescribed fire
and fuel management after management. Completed fuel treatments were omitted from the
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Southern Cascade due to too few observations. In the Southern Cascade region, it is the planned
fuel treatments that had the most negative value relative to the active and the IFM projects. For
both regions, active fuel treatments cause a decline in vegetation greenness, indicated in the average
negative vegetation trend (Table 2). This could be due to the vegetation removal or rearrangement
associated with fuel treatments.

Bootstrap for determining differences in the median greenness trend

To further contextualize these observed trends in IFM projects relative to other forests, the
bootstrap tests compare the vegetation trends on IFM projects with forests receiving fuel
treatments. Active fuel treatments have similar median trends in vegetation to the IFM projects in
both regions of California. The bootstrapped median difference for the IFM and active fuel
treatments had a 95% confidence interval that contain zero, meaning the median differences in
greenness trends between IFM projects and active fuel treatments could be zero (Figure 4c-d).

The largest difference in vegetation trends is in the Southern Cascade region between planned fuel
treatments to IFM projects at 73 (unitless). This is consistent with the mean values, because the two
IFM projects in this region had the highest overall positive greenness trend and the planned fuel
treatments had the most negative fuel treatment (Table 2). Both the sample mean trend for IFM and
planned fuel treatments in the North Coast are negative. Our estimated median difference being
positive 20 (unitless) indicates IFM projects have a less negative trend in vegetation greenness
relative to the planned fuel treatments.

Completed fuel treatments in the North Coast had median vegetation trend that was -55 relative to
the IFM projects mean vegetation trend. Suggesting that there is at least a temporary decline in
vegetation greenness following fuel reductions. This could be the byproduct unique to our
observation window or could be capturing some delayed ecological stress following management.
Our results can only suggest a difference in the distributions and the relative direction of difference.

Discussion

Previous research has used tools like modeling and field experiments to demonstrate that continuing
to increase carbon in aboveground biomass will come with tradeoffs for long-term carbon
management (Bernal et al., 2022; Foster et al., 2020; Liang et al., 2018). Using our remote sensing
techniques, we found additional evidence that tradeoffs are already present in IFM carbon projects
in fire prone regions between mitigating short-term fire risk and maintaining elevated carbon stocks
for carbon crediting. We found IFM projects had higher lidar-estimated fuel loads in 2016 than the
fuel treatments, indicating that these are forests with high starting levels of fuels. Between 2016-
2020, these IFM projects did not reduce fuel loads in ways consistent with active or completed fuel
treatments. From our vegetation greenness trend analysis, we found the management between IFM
projects and active fuel treatments are having similar outcomes on vegetation (Figure 4). IFM
projects are on average not reducing fuel loads, yet they are having reductions in vegetation
greenness as if they were. Another reason why vegetation can lose greenness is a decline in fuel
moisture, which also results in increased flammability (McEvoy et al., 2020). If these loses in
vegetation greenness are from declining vegetation moisture, then the management occurring on
IFM projects could be increasing fire risk through both not reducing fuel loads and increasing
vegetation flammability.
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Based on the first decade of the compliance market, our results suggest forests managed as offsets
promote less beneficial outcomes for fire hazard reduction and vegetation greenness. There is an
abundance of research that supports the idea management should be scaled in these types of
forests—both for lofty concepts of forest resilience and for long term carbon storage, relevant to
greenhouse gas accounting (Liang et al., 2018; M. P. North et al., 2022). And yet, when this climate-
focused policy has been applied to forests, we do not observe carbon payments incentivizing the
average project to implement more management. Only six of the 40 projects in California had
qualified fuel treatments based on IFM project documentation submitted to carbon credit registries.
Forest management for climate change should be aligned with other policies promoting more stable
carbon management.

The timing of how CARB pays landowners could be creating perverse incentives with landowners
maximizing carbon today rather than prioritizing managing for stable carbon. In California’s
compliance market IFM offset crediting program, the first credits issued reward the demonstrated
carbon stock above a theoretical baseline amount of carbon determined regionally. Subsequent
payments, represented as different vintages, are based on the additional growth that sustains carbon
above the baseline. The California compliance market currently facilitated offset credits trading
through 2030 while these IFM projects are intended to store carbon for 100 years (CARB Air
Resources Board, 2011; State of California, 2017). This difference between the credit generation
period and time carbon is to be stored could create a temporal tradeoff. Project managers are
encouraged maximizing aboveground live carbon for the first decades of generating carbon credits,
at the expense of further fuel management and fire risk reduction, which will be critical for storing
carbon in forests through the end of century. Carbon credit generation is just one of multiple
objectives most forest managers consider. There may be opportunities to realign incentives and
support forest managers managing for carbon in fire prone ecosystems to better incorporate needs
for mitigating fire risk and supporting carbon stability.

Thus, we turn to the incentives that this IFM offset program has created for managing forests. What
does payments for forest carbon really incorporate? Creating incentives for maximizing
aboveground carbon stored in forest biomass allows forest managers to shift economics towards
delaying harvests. Based on registry submitted data, eight projects in California demonstrate
increasing aboveground carbon through increasing rotation length. While delaying timber harvests is
not mutually exclusive with no management occurring in these forests, some of these projects have
no other management planned at the time of project documentation submission. Within the existing
California IFM program, we have identified five potential ways policymakers could increase fuel
management within IFM projects in fire prone regions. Each of these outlined approaches is
accompanied by research questions to address whether our proposed idea would be able to deliver
the desired outcomes of increasing the fire risk reduction on IFM projects in fire prone ecosystems.

The first approach is creating further incentives in buffer pool reductions for fuel break
maintenance. As previously discussed, fuel treatments are currently incentivized via a reduction in
the percentage of credits a project contributes to the buffer pool. But we observed that IFM projects
have high starting levels of fuels in their vertical fuel structure and most of the projects do not show
signs of fuel reduction. It could be possible that an incentive greater than 2% on the project’s buffer
pool contribution could drive more fire risk mitigation. Because the most carbon a project receives
tends to be in the first year of accounting, a qualified fuel treatment approved at the start of the
project would reduce the number of credits a project contributes to account for a century of natural
disturbance insurance. If the 2% reduction in buffer pool contribution is not enough to offset this
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lose of credits generated, then this may be an area of policy improvement. Further research could
study whether there are differences by landowners in their approach to management. If only some
types of landowners completing qualified fuel treatments, it could be useful for identifying other
barriers to management by other landowner groups.

Along with the previously discussed temporal misalignment, there is a spatial misalignment as this
insurance pool encompasses IFM projects across the United States. Only in regions where there is
moderate to high fire risk, would it make sense for projects to proactively be treating fuels. Yet these
other regions contribute credits to compensate for fires in other regions. The buffer pool creates
adverse selection like any insurance pool. Each landowner benefits from selling carbon credits, but
the risk of reversal is spread out among all landowners.

This brings us to our second recommendation: qualified fuel treatments could be a standard to be
eligible as an IFM project in moderate or high fire risk regions. At a minimum, IFM projects in fire
prone regions could be required to include a statement about why they are not managing fuel
explicitly as part of their carbon management strategy.

If changes directly to the carbon crediting standards are not feasible, policy could also target fuel
treatments more directly. Our third and fourth recommendations include expansion of fuel
treatments on or surrounding IFM projects. Instead of using the buffer pool to incentive fuel
reductions after they occur, our third proposed approach could use grants to fund landowners more
directly in the IFM program to implement fuel reductions. The proceeds generated from the Cap-
and-Trade Auctions are deposited to the Greenhouse Gas Reduction Fund which supports
California Climate Investments (CCI). Cal Fire’s Fire Prevention Grants and the Forest Health
Program are supported by the CCI, meaning IFM projects are indirectly already supporting fuel
treatments in the state (California Air Resources Board, 2022). One possible approach would be
proactively supporting landowners managing pools instead of an insurance reduction after the cost
has been incurred.

The fourth recommendation could encourage the exiting Cal Fire fuel treatments to surround IFM
projects. If maintaining elevated carbon stocks on IFM projects is still the direction market
administrators and forest managers wish to pursue, strategically placed landscape fuel treatments
surrounding IFM projects could decrease fire severity and promote forest recovery, helping carbon
sinks (Tubbesing et al., 2019). We already observe IFM projects and Cal Fire fuel treatments in
proximity, sometimes sharing even sharing project boundary boarders. The efficacy of strategically
placed adjacent fuel treatments in protecting carbon within IFM projects could be further
investigated for the regions IFM projects occur. If found to be effective, these co-occurring IFM
projects and fuel treatments could be scaled up.

Finally, we would be remiss to not mention that more dramatic changes to carbon accounting could
also shift the management occurring on IFM projects towards more proactive fire risk mitigation.
For example, carbon credit-generating projects in fire prone regions might be evaluated not on total
aboveground live carbon, but on the amount of carbon predicted to survive a fire disturbance. Such
“avoided wildfire emissions” methodologies are already being developed by standard setting groups
like Climate Action Reserve (Climate Action Reserve, 2022). Another accounting change could
reevaluate how the carbon sequestered in wood products is incorporated in carbon crediting. Better
incorporating woody products could better align forest and carbon management outcomes (Cabiyo
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et al.,, 2021). Further research could explore the implications of different changes in carbon
accounting and whether such changes would be compatible with current carbon crediting standards.

IFM offsets are part of a climate change mitigation strategy. Climate change, fire exclusion, and
antecedent disturbance contributes to the increasing presence of mega-fires as part of wildland fire
regimes (Stephens et al., 2014). To disrupt this mega-fire triangle, fuel treatments or forest
restoration attempt to disrupt the forest conditions created from fire exclusion and antecedent
disturbance. While policymakers can support funding and reducing frictions to implementing these
vegetation management projects, reducing greenhouse gas emissions could also help break this
mega-fire triangle. It is striking those forests incorporated in cap-and-trade carbon markets enable
others to emit greenhouse gases that will worsen the effect of climate change, while simultaneously
expecting the forests that are being used to offset emissions are somehow immune to increasing
threat from climate change. Worsening forest disturbances and carbon sink management are
connected through processes like climate change. Policy decisions to further connect these systems
can exacerbate climate change and forest management issues if tradeoffs are not addressed.
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Tables

Table 1. List of biophysical variables used for propensity score matching, indicated with asterisk, and
tull list of variables included in linear regression.

Type Variable Source
Total winter precipitation 2016* (December 2015 — February 2016)
Total winter precipitation 2017 (December 2016 — February 2017)
GRIDMET (4638.3 metets)
Total winter precipitation 2018 (December 2017 — February 2018) Daily Total Precipitation (mm /
day)
Total winter precipitation 2019 (December 2018 — February 2019)
Total winter precipitation 2020 (December 2019 — February 2020)
Climate
Max summer temperature 2016* (June 2016 — August 2016)
Max summer temperature 2017 (June 2017 — August 2017)
GRIDMET (4638.3 meters)
Max summer temperature 2018 (June 2018 — August 2018) Max Temperature (K)
(Abatzoglou, 2013)
Max summer temperature 2019 (June 2019 — August 2019)
Max summer temperature 2020 (June 2020 — August 2020)
Elevation* SRTM (30 meters) Digital
Elevation Model (metets)
Northness* Aspect function on SRTM and then a cosine conversion to SRTM-derived (degrees)
get degree facing north
Physical
Eastness* Aspect function on SRTM and then a sine conversion to get SRTM-derived (degrees)
degree facing east
Slope* Slope function on SRTM SRTM-derived (degrees) (Farr
et al., 2007)
Latitude* Google Earth Engine (degrees)
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Table 2. Average Kendall-Mann Trend in vegetation and the number of samples within each of the
categories. Southern Cascade completed fuel treatments is omitted for having too few observations.

Kendall-Mann Trend North Coast S. Cascade
IFM -29.10, 9.94,

n=16577 n=1781
Planned Fuel Treat. | 15.30, -59.37,

n =409 n=104
Active Fuel Treat. -33.17, -7.16,

n=2975 n=32
Completed Fuel -52.86, NA,
Treat. n=69 n=26
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Figures
Figure 1. Study Area Map showing the North Coast and southern Cascade region in northern

California. This map includes fires between 2016-2020 and locations of IFM projects and fuel
treatments.
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Figure 2. Boxplots of the 2016 fuel estimates for the IFM projects and fuel treatments (planned,
active, and completed) across the Cascade and North Coast regions.

. b.

2 200 .
. L] .
H * ' s
: % %= ' e
. d.

| |7 o1l é%é

f.

i

1 IFM

£ Planned Fuel Treat.
£ Active Fuel Treat.

E3 Completed Fuel Treat.

80

[+2]
o
o
(=1

Ladder 2016
s 8
Surface 2016
g 3

o

=2
<

Canopy Cover 2016
8
8

Canopy Height 2016
B
(=]

N
o

w
(=]

Canopy Base Height 2016

Canopy Layer Count 2016
nN

o

69



Figure 4. Estimated change between 2016 to 2020 for (a.) ladder fuel, (b.) surface fuel, (c.) canopy
cover, (d.) canopy height, (e.) canopy layer count, (f.) canopy base height between offsets and fuel
treatments completed prior to 2016. These graphs should the predicted change from the matched
regression using the 2016 variable a-f, respectively, for each graph.
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Figure 5. Bootstrapped median differences in the trend of EVI between samples from offsets and
tuel treatments between the North Coast (a, ¢, €) and Southern Cascade (b, d) regions.
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Conclusion

This work is motivated by and in response to the increasing stressors on human and ecological
systems from climate change. I used analytical frameworks from land use sciences, data processing
techniques from remote sensing, and data analysis techniques from econometrics to explore topics
relevant to policy and management decisions in California. Addressing the mounting management
challenges arising from climate change and the legacies of past management will require
incorporating existing tools in innovative ways and closely reviewing new policy and management
programs to measure effectiveness in results.

This research focused on improving the methods by which we test assumptions in technical
management questions. The three chapters presented are unified by the types of analytical
approaches used to set up hypothesis tests in natural experiments.

In the first chapter, I use inferential statistical analysis to understand how irrigated landscapes in
California may provide benefits to adjacent communities during a fire. I found that golf courses, an
example of irrigated landscapes, reduce fire severity by 49% relative to otherwise similar landscapes.
This fire severity reduction effect was variable by region, with the effect most pronounced in the
North Bay region. Using the perimeters of golf courses, large regional parks, and airports, I also find
that golf courses are as effective in limiting fire spread as more hardscaped landcovers like airports.
Increasingly devastating fire seasons are an example of how interactions between histories of
ecosystem management, low-density urban expansion, and climate change create complex
management decisions. Fire management near housing and built infrastructure in the Wildland
Urban Interface (WUI) will continue to be an economically and socially charged topic as the threat
of fire increases. Frequently, discussion surrounding vegetation management around homes focuses
on altering exposure to risk by removal of vegetation. Along with vegetation removal, managing
vegetation flammability can also be part of the toolkit for communities. Finally, irrigating landscapes
in California is a resource decision that comes at the expense of other sustainability or water
management goals and may not be appropriate in all contexts. To help inform decision makers on
when additional resources could be used to maintain a green landscape, methods like those
demonstrated in this dissertation will be useful for weighing tradeoffs and making context
appropriate resource decisions.

In the second chapter, I produced predictions of vegetation growth using a vegetation growth
simulator and used these outputs to perform a model validation of predicted carbon growth. Using
equivalency tests, we demonstrate that FVS modeled outputs are not capturing observed carbon
growth rates. FVS is an imperfect, yet widely relied on, model for understanding forest growth
dynamics, especially for public forests. The overpredictions we observed from FVS could lead to
management decisions that assume carbon will accumulate faster in forest stands than is realistic.
One outcome of this overestimation is that it could possibly delay more active management
interventions that could remove some within stand competition, increasing the carbon growth rate.
We find that the overprediction is not random: we can systematically account for model error by
including variables about the forest type (e.g., public or private, younger or older forests). We also
found trees growing on the lowest site class, or areas of the lowest forest productivity, had greater
errors in FVS outputs. Historically, forestry has been dominated by timber management that would
have focused on the management of the highest site classes. Using the equations developed by
foresters for forest ecology research will not always capture the ecosystem we now endeavor to
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manage. Identifying these issues is a start, but those of us in the field should work to improve what
we measure and how we measure it to improve our ability to achieve the forest ecology outcomes
we care about.

In the third chapter, I explore how Improved Forest Management (IFM) projects in California
consider fuel reduction as part of their management between 2016-2020. The California Air
Resources Board compliance market incorporates forests in the cap-and-trade program as offsets. 1
use remote sensing techniques to gauge how these projects are managing during the first decade of
implementation. This assessment is crucial, because the projects are not required to submit
information about smaller fuel management projects that maintain carbon above baseline levels.
Furthermore, IFM projects frequently achieve increased carbon levels by deferring harvest by
increasing rotation lengths, switching from even to uneven age management, or reducing harvest
intensity. However, the demands of managing California forests will differ from those in other
regions. For example, switching from uneven age management and reducing harvest intensity may
be appropriate for a pine plantation in the southeast to increase aboveground forest carbon, but
forests in California are dealing with another management crisis and have different forest practice
rules. For forests in California, the aboveground tree density has increased dramatically over the past
century due to fire suppression and the legacy of forest practices removing the largest, carbon dense
trees. One standard that is flexible enough to be appropriate for the different management histories
and needs of these geographies is unlikely to work for diverse forest needs.

Throughout my work, I focus on mitigating fire risk because the implications of historic
management are clear. Research shows that not changing these forest structures will have negative
carbon and forest ecology consequences in California. Increased fuel reductions and forest
restoration are viable management solutions that can promote forest resilience. In the final chapter, I
combine multiple remotely sensed datasets to understand how IFM projects in California are
managing their fuels. Results demonstrate that projects have high levels of biomass that are not
being reduced. Between 2017-2021, IFM projects in and outside of California are burning. This
problem will likely continue as landscape fire risks are expected to increase for most regions in
California. Projects claiming to improve forest management in these regions may consider mitigating
fire risk or incorporating management that will promote forest resilience.

This work is an attempt to answer some of these questions regarding forests, fire, and risk.
Undoubtedly, future work will be able to refine this research by incorporating better data as it
becomes available. I look forward to more researchers applying these analytical tools to other
ecosystems and to the same ecosystems over different timespans. Each of these papers was analyzed
using primarily open data sources and analysis techniques that lend themselves to be reproduced.
Further work could look at landscape features in other regions, inspect how errors in FVS have
changed over time, or compare IFM projects and fuel treatments to other types of forest
management techniques. These works are threads woven together by the way they apply methods to
better quantify, qualify, and evaluate land management practices. The results of this work are then
rife for application by land managers, fire system modelers, city planners, and policy makers.
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Chapter 3 Appendix

S. Figure 1. Errors for California Forest Observatory fuel dataset. No estimates are produced for
Surface fuel because it is a unitless estimate.

Fuels Error

Fuel Estimate unit 1 MAE RSME
ladder fuel % 0.78 2.8 4.79
surface fuel unitless NA  NA NA
canopy cover % 0.91 7 12.2
canopy height meters  0.86  1.97 3.01

canopy layer count  count  0.765 0.33  0.49

canopy base height meters 0.70 147 253

S. Figure 2. Mean Changes in Fuels on Fuel treatments as part of data validation.

Mean Change in Fuels on Fuel Treatments

Fuel Estimate Planned ~ Active  Completed
ladder fuel 0.05 -1.42 0.79
surface fuel 1.51  -5.56 -0.23
canopy cover 2.68  -5.56 -1.55
canopy height 219  -0.61 0.51

canopy layer count  0.25  -0.16 0.10

canopy base height -0.38  -0.55 -0.71
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S. Figure 3. Plots of how matching affected the mean differences between the matching variables.
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