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ABSTRACT

The State of California faces crisis conditions on its forested landscapes. The increased drought and hotter,
drier, windier weather conditions brought on by climate change have created increasingly severe wildfire
conditions in forests already overstocked with biomass following a century of aggressive logging and fire
suppression. In light of this ongoing ecological, climate, economic, and public health emergency, and in
view of the potential for sustainable forestry to deliver both climate change mitigation and adaptation, the
state has prioritized funding for forest management with the goal of treating one million acres of forest per
year in the near future.

This aggressive forest management activity, on top of ongoing commercial activity in California’s working
forestlands, generates millions of tons per year of woody residues that are typically left or burned in the
field, impacting air quality, creating wildfire hazard, and leading to further ecosystem disruption. State
policymakers have turned to bioelectricity generation as a key market for woody biomass in the hope that
it can support sustainable forest management activities while also advancing California’s Renewable
Portfolio Standard goals. However, many in the state have raised concerns surrounding climate, air quality,
and ecosystem health implications of many bioenergy systems. In particular, open questions surrounding
the climate performance of electricity generation from woody biomass have made it difficult to determine
how best to manage the risks and opportunities posed by forest residues.

The California Biomass Residue Emissions Characterization (C-BREC) model—developed with the support
of a grant from the California Energy Commission—offers a Life Cycle Assessment (LCA) framework
specific to the use of California forest residues. The C-BREC model rigorously and transparently establishes
the climate and air pollution impacts of these systems in California, including the variable emissions from
different biomass supply chains as well as the counterfactual emissions from prescribed burn, wildfire, and
decay avoided by residue mobilization. This report lays out the findings from a case study application of the
C-BREC model across the real-world forest management activities carried out in California from 2016
through 2019, identifying clearly the climate and air quality performance of biopower from woody residues
across the varying conditions and supply chains seen in California. These results, and the C-BREC model,
can be useful to state policymakers in shaping California’s energy and forest management policies and
supports going forward. More information about the C-BREC model and related work can be found at
schatzcenter.org/cbrec/.
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1. Introduction

California faces a forest management crisis. Drought, pest infestation, and wildfire - all exacerbated by
climate change - have led to increasingly challenging conditions on the state’s forested landscapes. These
risks are heightened by the overstocking of biomass on the landscape brought about by a history of
intensive logging and aggressive fire suppression (Collins et al., 2014). California’s Forest Carbon Plan
(Forest Climate Action Team, 2018) identifies insufficient forest management activity rates, limited
biomass processing and utilization infrastructure, and unprecedented deterioration of forest health as
critical barriers to managing forests for resilience and net carbon sequestration.

Recognizing the significant ecological, economic, and health risks associated with this crisis as well as the
potential of sustainable forest management to deliver climate change mitigation and adaptation through a
single action, the state has prioritized funding for forest treatment. The California Department of Forestry
and Fire Protection (CALFIRE) has spent nearly $1 billion dollars through its California Climate
Investments (CCI) program on sustainable forestry and wildfire management projects, since 2014
(California Air Resources Board, 2021). This spending is expected to continue growing, as the state pursues
its goal of treating 1 million acres of forestland annually.

This management activity, as well as the commercial harvests carried out annually on California
forestlands, creates a new problem in the form of significant residual woody biomass that must be
managed on-site. Woody residues from forest harvest and restoration activities in California are typically
left or burned in the field, impacting air quality, creating wildfire hazard, and leading to further ecosystem
disruption. A related challenge faces the disposal of woody residues from agricultural production in the
state. From 2005-2012, open burning of agricultural residue in the San Joaquin Valley had been reduced by
over 80%, but drought and the shutdown of six biopower facilities in the region led to a significant increase
in open burning, bringing open burning back above 2005 levels. Most of this increase stems from disposal
of biomass from pruning and removal of orchard trees. Under business-as-usual projections, open burning
of agricultural residues—and the resultant emissions of health harming air pollutants—are expected to
increase.

Residues generated by forest thinning and fuels treatment as well as commercial forestry have the
potential to be transformed from a waste stream into a renewable energy resource. If managed properly,
bioenergy can support sustainable forest management activities while also advancing California’s
Renewable Portfolio Standard goals. However, there are legitimate concerns surrounding climate, air
quality, and ecosystem health implications of many bioenergy systems. In particular, the climate
performance of electricity generation from woody biomass residuals can be quite variable, and there has
been a great deal of debate in the academic literature as well as in state policy circles as to how to best
account for these emissions.

The California Biopower Impacts (CBI) Project, supported by the California Energy Commission under
Grant Funding Opportunity 16-306, has sought to rigorously and transparently establish the environmental
performance of bioenergy from forest residues. The core of the CBI Project effort has been development
and implementation of the California Biomass Residue Emissions Characterization (C-BREC) Model, a life-
cycle assessment (LCA) framework specific to the use of California forest residues for electricity
generation.



This model, and the simplified webtool version of the forest model that can be found at
schatzcenter.org/cbrec/ enables robust, transparent accounting for the GHG and air pollutant emissions
associated with residual woody biomass energy systems in California. Users specify the following key

project characteristics:

e Location of residue generation

o Type of forest treatment or harvest activity being conducted and baseline residue disposition
e Location of residue utilization

e Reference fate of unremoved biomass (prescribed burn, left in place)

e Key supply chain characteristics such as biomass removal level, any post-harvest treatment, end-
use technology, etc.

For a given project profile, the C-BREC model generates an emissions time-series and reports net CO»-
equivalent (CO.e) emission values for two different time-explicit climate metrics. It quantifies the
emissions associated directly with a "use" case in which biomass residuals are mobilized from the field for
use in a biomass energy supply chain and a "reference"” case in which they are not mobilized. The net
emissions of the biopower system is the difference between these two fates for the same material. The use
case includes emissions from mobilization, transportation, and end-use where the reference emissions are
made up of three distinct processes, applied in probabilistic fashion to any given ton of biomass:

e Pile or broadcast burning of residuals in year 1
o Decay extending for 100 years of material piled/scattered on the forest floor
e Ongoing exposure to wildfire over a 100-year period

Most early life-cycle assessments (LCAs) of woody bioenergy made the simplifying assumption that CO»
emissions from combustion of biomass (i.e. “biogenic” emissions) do not contribute to climate change
because they represent a closed loop between biomass growth and fuel consumption. Using this
assumption, these studies typically found significant net reductions in GHG emissions when bioenergy
replaces fossil energy. A recent meta-analysis of 94 LCA studies of bioenergy systems found only one single
case study which accounted for the climate change impact of biogenic CO, emission (Cherubini &
Strgmman, 2011). Other recent literature has called this assumption into question by pointing out that
near-term emissions lead to increased climate forcing over policy-relevant time frames even if we assume
that the CO, emitted is eventually re-sequestered in forest regrowth or as in the case of residues would
have been emitted later by decay or wildfire (Buchholz et al., 2016; Cornwall, 2017; Duncan Brack, 2017;
Sterman et al., 2018).

Emerging from this literature is the consensus that the comprehensive approach to life cycle accounting for
biopower from woody residues is to quantify emissions—including biogenic emissions—from both the use
of residues and their counterfactual, or “reference,” fate. However, while many recent studies have done so,
these typically assume that all residues not removed for bioenergy will decay in place (Giuntoli et al., 2016;
Gustavsson et al., 2015; Jappinen et al,, 2014; Madsen & Bentsen, 2018; McKechnie et al., 2011) and that
this decay will occur at a single rate regardless of residue type or location (Giuntoli et al., 2016; Gustavsson
etal, 2015; Madsen & Bentsen, 2018). This ignores the possibility of these residues being burned in place,
either through a prescribed burn aimed at waste management or by subsequent wildfire (Buchholz et al.,
2016; Ter-Mikaelian et al., 2015). In the few studies that have incorporated a burn counterfactual, it is
typical to assume that biomass is completely consumed through prescribed burn, leading to instantaneous
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emission of all carbon present, plus additional forcing from a fixed amount of methane and nitrous oxide
emitted by the fire (Liu & Rajagopal, 2019; Miner et al., 2014; Springsteen et al., 2011). This fails to account
for the unconsumed fraction of biomass or the formation of recalcitrant char materials as well as the spatial
and material-type variation in the dynamics of combustion (Ter-Mikaelian et al., 2015).

The C-BREC model improves on the existing Life Cycle Assessment approaches by capturing the significant
spatial and supply-chain variability in life-cycle emissions where many prior analyses have evaluated a
single case and assumed it to be broadly representative. It also assesses emissions transparently, providing
a model that can be used to evaluate the sensitivity of results to various key input parameters and
assumptions. Finally it is becoming increasingly clear that the timing of emissions must be considered in
life cycle GHG accounting (Buchholz et al., 2016; Helin et al., 2013; Reid et al., 2020). Where many prior
assessments of bioelectricity climate impact fail to do so, we apply time-explicit climate metrics and report
them per guidance by the UNEP / SETAC Global Guidance for Life Cycle Impact Assessment Indicators
(Levasseur et al., 2016).

This report offers a detailed look at the results generated by the C-BREC model, applied across a range of
forestry treatment activities on California landscapes. While the model is able to evaluate the impact of
residue removal from any forestry activity type on any forested landscape in the state, we focus here on a
case study of the actual treatment activities conducted in California in the years 2016-2019, characterized
by data from Timber Harvest Plans and Non-commercial Timber Management Plans filed with CALFIRE
(Figure 1). The results of that analysis shed light on the variable environmental performance of biomass
electricity systems in California, and also the drivers of that variation.



Figure 1: Forest Treatments in California from 2016 - 2019
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The 11,035 individual forest treatment activities that make up the case study detailed in this
report. This map focuses on the northern region of California as it contains the majority of the
working forests in the state and therefore almost all of the treatments evaluated for this study.



2. Methods

This section describes the methods deployed in the C-BREC model and its application to the case study
evaluated here. Much more detail on every facet of the model, including its structure, assumptions, and
underlying data, can be found in the C-BREC model framework, which can be found at
schatzcenter.org/cbrec/. The model itself can also be downloaded at
https://github.com/schatzcenter/CBREC-LCA.

2.1. Biomass Residue Base

The residual biomass resource base of interest is from forestry activity in the State of California. We
categorize forest treatments into thirteen different types, covering most common forestry activities as
defined by California Forest Practice Rules. The harvest activities modeled are:

e C(learcut

e Thin from below (i.e. selecting for small-diameter trees) removing 20, 40, 60, and 80% of total tree
basal area. A sample of this residue base is shown in Figure 2.

o Thin from above (i.e. selecting for large-diameter trees) removing 20, 40, 60, and 80% of total tree
basal area.

e Proportional thin (i.e. select equally across small and large diameter trees) removing 20, 40, 60, and
80% of total tree basal area.

Figure 2: Example of Residue Base
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Example residue base data layer across a section of Northern California. This map presents the
residue resulting from thinning activity removing 40% of total standing basal area from below
(i.e. selecting for small diameter trees). Modeled at 30-meter spatial resolution.

For each of the above forest harvest activity types, we modeled the total recoverable biomass residue
resource base at the parcel level, divided by residue type and size class. Forest parcels were characterized
based on tree list inventory (GNN) data produced by the Landscape Ecology, Modeling, Mapping and
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Analysis (LEMMA) group at Oregon State University. We have updated these data in California with timber
harvest, fire, tree mortality events, and growth, occurring between 2012 and 2017 using the Forest
Vegetation Simulator. Forest data are combined with parcel and riparian management zone data to create a
spatially explicit database of forest condition, owner class, and management zone (Figure 1). Tree
component biomass for stems, bark, branches, foliage, and roots are calculated by applying national
biomass estimators (Jenkins et al., 2003) and the FIA component ratio method to the tree lists. C-BREC also
accounts for the difference in decay and fire behavior between woody biomass that is scattered on the
forest floor and that which is piled. A given residue base is therefore modeled at 0%, 30%, 50%, and 70%
piled disposition to account for this variability.

2.2.  Scope and System Boundary

A central assumption underpinning the C-BREC analytical framework is that the residual material being
consumed is a true waste, in that it would not have been used at all were it not mobilized for bioenergy.

For example, we assume that primary forest harvest activities are being conducted for the purpose of
sawtimber extraction or improving forest health. The branches, treetops, and foliage that comprise the
harvest residue base are typically left to decay or are burned on site. As such, we do not allocate any of the
primary harvest emissions - nor any of the forest carbon stock and flow implications of the primary harvest
- to the bioenergy pathway.

This approach is aligned with common Life Cycle Assessment practice, in which the sawtimber and the
residues could be considered co-products. It is common in LCA to assign emissions of upstream activities to
different co-products on the basis of the relative value of the different products. If sawtimber represented
50% of the value derived from a landscape and pulpwood the other 50%, one would allocate half of the
emissions associated with the primary forest management activity to the lumber and half to the pulp. As
the residues represent none of the economic value generated by the primary treatment activity, they are
allocated none of the emissions or sequestration associated with that activity.

This is made slightly more complex by the fact that fire risk reduction and forest carbon sequestration are
not financial products, meaning that conventional value-fraction-based coproduct allocation is not possible.
However, when an entity (usually the government) pays for forest management to reduce the risk of a
catastrophic wildfire, it is paying for the "product” of fire risk reduction, not for the residue that will be
produced by that activity. In the case of these residues, they currently bear no value as is evidenced by the
fact that they are not currently removed from the field. In circumstances where residues are purchased by
an entity that has been subsidized to accept this material, we do not consider that a true economic value of
the residue, but rather a subsidy for the primary treatment via a different market pathway.

As emissions associated with primary forest management decisions are excluded from this analysis, the life
cycle assessment of the harvested residues covers only those emissions directly related to their removal
(use case) or to their retention on the landscape (reference case). As indicated in Figure 3, this includes
emissions associated with:

e Collection, transportation, and conversion of biomass residues into electricity
e Controlled burn of residues (pile and broadcast burning)

e Decomposition of any remaining residues out to 100 years

e Exposure of any remaining residues to wildfire (in forest residue cases)

6



2.3.

Emissions from Residue Mobilization and Use

C-BREC users are able to specify treatment type, harvest practices, feedstock collection and handling
methods, post-harvest treatments, feedstock management pathways, conversion technologies, and other
characteristics. Mobilization and conversion of biomass residues into electricity are covered in the
following three steps:

Collection and Processing: This includes gathering, handling, and loading the residues from their
initial piled or scattered disposition into the processing stage followed by comminution, hauling to
a transfer point, then loading onto chip vans. These steps include both fixed and variable emissions.
Fixed emissions are associated with bringing collection and processing equipment to the field and
do not vary by treatment size or total residue base. Variable emissions represent the operation of
collection and processing equipment and off-road haulers and loaders, and therefore are quantified
as mass of emissions per bone-dry metric ton of biomass. All variable emissions are a function of
terrain steepness, residue density, and moisture content.

Transportation: Round-trip travel of hauling processed residues between the transfer point and the
power plant via chip vans. Emissions from transportation depend on the distance to the power
plant and are characterized in C-BREC for either the nearest biomass power facility to a given
harvest site or a user-specified distance to the use location. Chip van trips are either volume or
weight-limited based on moisture content.

Energy conversion: Operations and production of electricity at a power plant. C-BREC is
parameterized with specifications and performance of biomass power plants in California as
reported to the California Energy Commission and California Air Resources Board. Emissions are
based on a specific existing generator or one of a set of "generic" facility types - current generation
combustion plant, next generation integrated gasification/combustion plant, next-generation
thermochemical plant, and small (<1MW) mobile generator. Facility performance is also a function
of the energy density of the specific biomass type (e.g. tree species) at a given treatment location.
Energy content is reduced via dry matter loss over a variable storage period prior to combustion in
the power plant.



Figure 3: LCA Boundary and Component Flow Diagram
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2.4. Reference Biomass Fate

The “reference case” or “counterfactual fate” of the biomass describes the emissions associated with a given
ton of biomass residue if it is not removed from the field for energy production.

2.4.1. Modeling Emissions from Fire

We modeled emissions from wildfire and prescribed burns of forest residues using the "activity" fuels
equations from the Consume software, version 4.2, created by the US Forest Service (Prichard et al., 2006).
The activity fuels equations were developed for fuels that were "resulting from or altered by forestry
practices such as timber harvesting or thinning" (Prichard et al., 2006), and are thus directly applicable to
this use case. The activity fuels equations calculate consumption and emissions estimates for scattered (i.e.
non-piled) fuels. These equations provide estimates of fuel consumption for each fuel size class, weighted
by combustion phase: flaming, smoldering, and residual. The consumption estimates are then multiplied by
emission factors specific to each emissions species (e.g. CO, COz) taken from the Bluesky modeling
framework (Larkin et al,, 2010).

We use Fuel Characteristic Classification System (FCCS) (Riccardi et al., 2007) data to represent the initial
fuel loads. FCCS data are available in raster format through Landfire.gov. Additional fuel loading resulting
from treatments is derived from our biomass resource base projections and is added to the original fuel
loading data. We estimate the emissions impact of residue removal by running Consume with and without
this additional fuel on site. Fuel consumption and emissions estimates are delivered in spatially explicit
(raster) format for integration into the C-BREC model framework.

Both emissions and fire behavior models require inputs for fuel moisture and mid-flame wind speed. To
estimate these inputs, we use 4 km resolution GRIDMET gridded surface meteorological data set
(Abatzoglou, 2013; Abatzoglou & Brown, 2012) augmented with additional fuel moisture parameters
(Cohen & Deeming, 1985) and treatment-specific wind adjustment factors (Andrews, 2012). For wildfire
simulations, we used the 97th percentile conditions for all climate variables constrained to the months of
June through September for all years from 2000 to 2017. For prescribed fire simulations, we used the
37.5th percentile conditions for all climate variables constrained to September and October (the typical fall
prescribed fire season) from the same time period.

The approach described above enables us to model the emissions from a wildfire if it were to occur on the
landscape at any point in the next 100 years, both with and without forest residues left in the field.
However, it is of course not possible to predict when a fire will occur at a given site. C-BREC therefore
annualizes emissions from wildfire at each location in each year by taking the product of the expected
emissions from a wildfire in that year and the probability of it occurring. Current and projected wildfire
probability in California is derived from the Cal-Adapt dataset! (Westerling, 2018). For the future wildfire
probability projections, C-BREC uses the representative concentration pathway (RCP) 4.5 emissions
trajectory and business as usual population growth assumptions.

2.4.2. Decomposition

1 Cal-adapt.org/tools/wildfire



As is typical in the LCA literature on solid biomass (Giuntoli et al., 2016; Gustavsson et al., 2015; Madsen &
Bentsen, 2018) C-BREC characterizes decay using a negative exponential model (Olson, 1963). The
literature on biomass decomposition identifies three main drivers for decay rate variability: species
composition, size class and disposition of material, and climatic factors. As such, we model these
decomposition mechanisms using decay constants that vary across these parameters (Blasdel, 2020). An
example of the spatial variability of decay factors for forest material is shown in Figure 4.

Species Composition

We have established a database of decay constants that vary by species and size class. These values come
from literature sources and synthesize numerous meta-analyses of decay (Laiho & Prescott, 2004;
Mackensen & Bauhus, 1999; Weedon et al,, 2009; Yin, 1999). These values are used to vary the rates of
average residue decomposition based on the species composition at a given location.

Size Class and Disposition

Decomposition rate of biomass in the forest varies by size class and between scattered and piled material
(Edmonds et al,, 1986; Erickson et al., 1985; Wagener & Offord, 1972), with material in contact with the
ground exposed to conditions and organisms that hasten decay. Where material is piled, we assume a
consistent size and geometry for the piles and treat the bottom fraction of the total material as though it
were scattered because it is in contact with the ground.

Climate

Temperature and moisture are the two most important climatic factors affecting the decay of biomass
(Sierra et al,, 2015). Temperature controls the rate of heterotrophic cell respiration while moisture can be a
limiting factor for decay if material becomes too dry. To capture these effects in our forestry modeling, we
apply a mechanistic model that alters the exponential decay constant in a given area based on the recent
historical record of temperature and soil moisture at that site. A variation on the Demeter equations for
climate effects (adapted from (Foley, 1995)) was used to derive a climate modifier for decay as a function
of temperature and moisture. The decay rate for each 30x30 m grid cell is determined by the average of the
climate-modified decay rates for each species present weighted by that species’ fraction of total tree
biomass in that cell (using the proxy of aggregate trunk diameter by species).
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Figure 4: Example Spatial Variability of Decay Constants
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Decay rates for coarse woody debris across the forestlands of Northern California. Fine woody debris
decay exhibits a similar spatial pattern.

2.4.3.  Scenario Case Pairings

As described above, residue from a given forest treatment in C-BREC is modeled at 0%, 30%, 50%, and
70% piled disposition to account for the variability in forest harvest and residue management practices. A
forest manager then faces three options: remove the residue for bioelectricity generation, burn it, or leave
it on site. In the use case, we model both removal of piles only and removal of all technically recoverable
biomass. These pile fraction and removal types also influence the type of burn that occurs in the reference
case as we assume the residue removal and the counterfactual prescribed burn are intended to target the
same material. Where only piles are removed in the use case, C-BREC assigns a pile burn the as prescribed
burn option. Where all technically recoverable material is removed in the use case, C-BREC models pile (if
piles are present) and broadcast burn prescription as the reference case. Land managers typically either
collect residue or conduct a prescribed burn, and we therefore do not model prescribed burns following
collection in the use cases.

2.5. Accounting for Time

A key challenge in the emissions accounting for the framework described here is the fact that bioenergy
emissions occur in one pulse at the time of primary treatment (year zero), whereas the emissions
associated with the reference fate of the biomass may occur slowly over decades of biomass decay. Just as
financial accounting must consider the time value of money in comparing expenses or revenues at different
points in time, rigorous LCA must account for the “time value” of emissions or sequestration over time in
terms of their differing climate forcing effects on policy-relevant timescales. Our modeling calculates and
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reports on the basis of two different time-integrated climate metrics: the Global Warming Potential (GWP)
and the Global Temperature Potential (GTP).

Life Cycle Impact Assessment in the C-BREC model uses an “emissions scenario” approach as discussed by
(Myhre et al,, 2013), elaborated on by (Aamaas et al., 2012), and recently implemented in several
publications related to the emissions profile of biomass energy (Giuntoli et al., 2015). The result is a time-
explicit Absolute GWP and Absolute GTP that approximate the global aggregate radiative forcing and
temperature response, respectively, to a time-explicit emissions profile generated by C-BREC. We use these
to calculate the CO; equivalent emissions for reporting all emissions on a uniform basis - that is the
emission mass of CO; in year 1 that would yield the same AGWP and AGTP in year 100. This mirrors the
approach taken by the Intergovernmental Panel on Climate Change in its calculation of CO; equivalent GWP
values for different GHGs, except applied across time as well as across emission species.

The GWP-based metric evaluates the aggregate climate forcing experienced by the planet in the 100-year
period. Since it is concerned with the total forcing rather than only the end result, we consider this as our
short-term metric for climate impact. Since most policy analysis in California is conducted on the basis of
100-year GWP, (though typically only for normalizing across different GHGs, not across emission timings),
most of the results in this report use the GWP-based approach. However, the GTP-based metric is also
useful, evaluating how much hotter the climate will be 100 years in the future due to a given emission
trajectory. As this is concerned with the state of the climate 100 years from now, we consider it as a long-
term metric for climate impact. Both of these metrics are useful, as both prioritize different considerations.
If we care primarily about the long-term temperature of the climate system, making decisions on the basis
of the GTP is rational. However, some impacts of climate change - such as the melting of polar ice caps or
the loss of biodiversity - may not be reversible if global temperatures rise and subsequently fall. As such,
policy made on the basis of the GWP is also a sensible approach. Rather than choosing one of these metrics,
we model both to offer the most possible information and flexibility. This approach is aligned with the
guidance put forth by UNEP/SETAC (Levasseur et al.,, 2016) and taken up by ISO standard for Life Cycle
Assessment (ISO 14067:2018, 2018).

2.6. A Note on Electric Power Displacement

The carbon intensity figures presented in this report are total emissions from bioelectricity generation net
of emissions from the counterfactual fate of the same biomass. However, they are gross emissions for the
generation of the bioelectricity as we have chosen not to credit it for the avoided emissions from other
sources that might be offset by bioelectricity. Biopower can operate as base load generation and can be
ramped in response to intermittent renewable generation causing some analysts to assume that it is
displacing natural gas power. Some others point to the fact that biomass can be used in existing stoker
power plants to directly displace coal. However, California utilities are also bound by renewable portfolio
standard obligations to buy a certain amount of renewable electricity, so biomass could also be said to be
displacing other renewables. Ultimately, the marginal power source displaced by biopower generation will
be a function of local and regional power system economics and policies, which are shifting constantly.
These shifts do not, however, change the emissions associated with biomass mobilization and power
generation. As such, we report the emissions from bioelectricity generation absent any assumptions about
power grid and market operations, allowing policy makers and other analysts to evaluate these emissions
in whatever context they deem appropriate.
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3. Results and Discussion

The C-BREC model is capable of evaluating the impact of residue removal from any forestry activity type on
any forested landscape in the state. However, in order to investigate the range of results it generates, we
ran the model on the actual treatment activities conducted in California in the years 2016-2019 (Figure 1).
The results of that analysis shed light on the variable environmental performance of biomass electricity
systems in California, and also the drivers of that variation.

In order to evaluate trends, most of the figures in this results section isolate many of the system
configuration variables in C-BREC in order to explore the impact of others. For the purposes of this report,
except where otherwise noted, we assume the following base case parameters for all of the systems under
consideration:

e Biopower is generated using a current-generation combustion plant of statewide average efficiency
without combined heat and power (CHP) capability

e Biomass collection is carried out using our large harvest equipment system and comminution
conducted on dry wood using a grinder

e Residue is hauled 50 km to the power generation facility

e Emission time series' are normalized to COze using 100-year Global Warming Potential (GWP)
equivalencies as discussed above

e Results are filtered to remove unrepresentative outliers, such as treatments in which we estimate
<1T of total residue to be present and which are therefore unlikely to be mobilized for bioelectricity
generation.

3.1. Net Carbon Intensity of Biopower from Forest Residue Mobilization in California

Figure 5 illustrates the relative roles of the different contributors to both reference and use-case emissions
and how these vary by collection and burn scenario as well as across different climate zones in CA. Use-case
emissions from residue mobilization and use are arrayed above the x-axis, where reference-case emissions
from the counterfactual fate of the same biomass are arrayed below the x-axis as these represent “negative’
emissions, avoided by residue mobilization. The difference between the two cases is net emission from
bioelectricity generation and is indicated by the black point in each column.

J

Figure 5 illustrates some expected, and some unexpected, trends that are being quantified by C-BREC. For
example, we can see that biomass left in the field in the warmer/wetter climate (below the x-axis for the
“no burn counterfactual” scenarios) exhibits more emission from decay but less from wildfire than in the
cool/dry climate owing to the climatic drivers of decay rate and fire return interval. In addition,
warmer/wetter conditions lead to less complete consumption of scattered residue in a broadcast burn (far
right) than is evident in the cooler/drier conditions. In all cases the pile-only collection scenario appears
larger in both reference and use cases. This is because these emissions are calculated for the entire residue
base and reported per kWh of power generated. Where only piles are collected, there is less total power
generation, so the emissions per kWh are larger. The uncollected material is present in both use and
reference cases, however, so these emissions cancel one another out when calculating net carbon intensity.
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Figure 5: Example of Gross and Net Carbon Emissions by Source
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Example emissions from each source for four collection and burn scenarios in both use case (above the
x-axis) and reference case (below the x-axis) at two treatment sites in California representing two
different climatic zones. Net emissions from biopower generation is the difference between the two
cases and is indicated by the black point in each column. All emissions are in present-day CO:e,
normalized based on 100-year GWP.

The emissions displayed in Figure 5 represent a specific and limited set of scenarios to illustrate different
emission sources and variations. Our modeled results vary across system characteristics such as forest
treatment type, residue disposition, transport distance, and power plant technology as well as geographic
characteristics such as residue species, decay rate, and wildfire probability. As such, considering the
distribution of carbon intensities across the treatments conducted over the past four years in California
allows us to better understand the sources of this variation and the sensitivity of biopower carbon
footprint to various system characteristics and model assumptions. This will provide useful insight in
shaping forest and bioelectricity policy and industry going forward. Figure 6 displays the distribution of
outcomes across the scenarios considered for biopower generation from the residues created by permitted
14



forest harvest and treatment activities conducted in California in the years 2016-2019. In the interest of
situating these values in context, we note that the US grid average carbon intensity was 398 g/kWh in 2019
and California’s grid average was 160 g/kWh2.,

Figure 6: Aggregate Net COze Intensity Results
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Histogram of net carbon intensity values across the California recent treatments dataset. Represented in this
histogram are carbon intensities for all residue disposition, harvest, and counterfactual fate scenarios of
biopower generation for each of the 11,035 forest treatments conducted in the years 2016-2019. Some factors
are held constant across this distribution and outliers removed as described above. COze uses 100 year time-
integrated absolute global warming potential.

The most immediately evident trend in this dataset is the strongly bimodal distribution. This is attributable
to the reference scenario considered, as generating electricity from woody biomass that would have been
burned in the field if not removed has a much lower net carbon footprint on a 100-year global warming
potential (GWP) basis than using biomass that would otherwise have been left in place. Figure 7 shows this
clearly by disaggregating the distribution by reference case burn scenario. Figure 7 and many of the

2 Scott Institute for Energy Innovation. (2017). Power Sector Carbon Index. Carnegie Mellon University, Pittsburgh,
PA. Retrieved from https://www.emissionsindex.org.
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following distribution figures are smoothed histograms, with carbon intensity displayed on the horizontal
axis and relative prevalence of a given range of results represented on the vertical axis.

Figure 7: Net COze Intensity Results Disaggregated by Counterfactual Burn
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Distribution of carbon intensity results (net g COze/kWh) across the California recent treatments dataset
disaggregated to illustrate the difference across reference case burn scenarios.

Because these figures display the net emissions, higher emissions in the reference case lead to lower values
here because more of the mobilization and combustion emissions in the use case are "offset" by the
counterfactual outcome. It is clear that the prescribed burn scenarios (i.e. those in which residues would be
burned if not mobilized for biopower generation) have a lower net biopower carbon intensity than the no-
burn cases because they have higher reference-case emissions offsetting those in the use case. We find
almost no circumstances in our baseline scenario in which biopower from woody residues has a zero or net
negative carbon intensity. This is because the avoided emissions of methane and N,O that can emerge from
prescribed burns are typically more than offset by the fact that those burns do not completely consume the
residue, leaving uncombusted wood and char material in the field.

The shapes of the different distributions presented in Figure 7 are also instructive. Scenarios in which only
piled material would be collected and a pile burn is therefore the reference fate (blue curve in Figure 7)
exhibit the least variability. This is because pile burns are relatively uniform in their combustion dynamics,
whereas in broadcast burning (red curve in Figure 7) more wood is exposed to fire but the dynamics of that
fire vary significantly across residue types and conditions. At the opposite extreme, the greatest variability
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is evident in the “no burn” cases where residues would be left in place if not removed (green curve in
Figure 7). The climate, species, and treatment-type drivers of decay as well as the conditions and frequency
of wildfire lead to variable emissions in the reference case, and therefore a large spread in net emissions for
biopower generation.

In addition, long “tails” are evident, especially in the no burn scenario distribution, with a small number of
scenarios showing carbon intensities reaching out towards 1000g COze/kWh. These outlier treatments are
predominantly those with very low total residue base and/or very low residue density (T/ac). In such
cases, the fixed emissions associated with mobilizing collection equipment to field locations can become a
dominant source of greenhouse gas emissions since these emissions are distributed across a very small
number of total kWh. In addition, these low residue densities tend to occur in areas where climatic factors
such as low rainfall rate yield not only low biomass production but also very low decay rates and therefore
a larger climate impact from burning wood that would otherwise have been left in situ. These outlier cases
are likely not commercially viable for residue mobilization and use, but are worth noting as they may occur
where residue removal rather than prescribed burn or scatter is deemed necessary, such as in roadside
clearing.

Figure 8: Example Spatial Variability of Biopower Carbon Intensity
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Carbon intensity for two specific scenarios mapped across California to illustrate the spatial variation in results
in a given scenario (within each map) and how it is influenced by the reference burn scenario (across the two
maps). All results assume 50% of residue is piled and all technically recoverable residue is mobilized in the use
case.

Even within a single scenario of both use and reference case characteristics, there is significant distribution
in the carbon intensity of bioelectricity generated from residues. This is because the many forest
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treatments being evaluated differ in the species and size class distributions of their residue bases as well
as in their climatic drivers of both decay and wildfire emissions. Mapping the net emissions from biomass
utilization (Figure 8) allows us to assess these geographic discrepancies.

The map on the left in Figure 8 has lower values across the bins displayed since it assumes a prescribed
burn counterfactual fate, where the map on the right is for the scenario in which residue would be left in
place if not mobilized for bioelectricity. Each displays the variation across treatments conducted during the
2016-2019 period in California. The spread evident on the left-hand map stems from variation in emissions
from prescribed burning owing to residue species, size class distribution, and climate, where that on the
right stems from climatic and residue type variables driving differing decay rates and wildfire frequency.

3.2. Criteria Air Pollutants

Beyond greenhouse gases, the C-BREC model also quantifies net emissions of Volatile Organic Compounds
(VOCs), carbon monoxide (CO), oxides of nitrogen and sulphur (NOx and SOx), and particulates at both 2.5
and 10 micron scales (PMzs and PMo) including both black3 and organic carbon. While removing residues
from the field for biopower generation almost always leads to a net increase in GHG emissions (though by a
variable amount), we found that this diversion can significantly reduce emissions of these health-harming
air pollutants when it displaces prescribed burning. Figure 9 shows this effect for the case of PM35s, a
particularly harmful atmospheric pollutant. Because these pollutant emissions can’t be normalized into a
single year as we have done for GHGs, we show only year-1 emissions in this figure.

The reduction in emissions from biomass utilization is unsurprisingly strongest where biomass would
otherwise have been burned in the field. By removing this material to an engineered combustion chamber,
and one where emissions are tightly controlled, we significantly reduce the particulate emissions from a
ton of biomass vs burning that same ton in the field. Where residue would have been left in the field rather
than subjected to a prescribed burn, mobilization for biopower generation yields generally slightly greater
emissions, but the results are mixed. However, this is only the expected emissions for the first year and is a
product of the very significant emission profile if a wildfire occurs and the relatively small probability of
that fire occurring on any given landscape. While the infrequency of wildfire means these expected
emissions from a given mass of forest residue are generally lower in one year if left in situ vs used for
biopower, they could be burned in future years as they decay. As such, the aggregate expected emissions
from wood left in place over a decade or more are higher than that from its use in biopower, even if
expected emissions in the first year as presented in Figure 9 are lower.

It is worth noting here that while mobilization of this woody biomass may reduce the total mass of
particulates emitted per ton of residue, it also aggregates this emission to a point source, and one that may
be closer to human populations. We have not evaluated the exposure of humans to these pollutants, nor the

? Black carbon has a potentially significant climate forcing effect. However, there is significant uncertainty and
variability in the scale, and even the sign of the forcing that results from emissions of black carbon and other short-
lived climate pollutants from combustion of woody biomass. Given this, we do not include black carbon in the climate
metrics reported above. This issue is discussed in more depth in the Air pollution and soil impacts report available at
schatzcenter.org/cbrec/
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equity of distribution of that health burden across human populations. This is an important area for future
research that will be enabled by the modeling tools and datasets developed under this project.

Figure 9: Net PM:s Results
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Distribution of first year PM2s emissions across the California recent treatments dataset.

Further information on the emissions dynamics of particulates and other key criteria pollutants can be
found in our companion report on the air quality and soil health effects of woody residue mobilization
(available at schatzcenter.org/cbrec/).

3.3. Sensitivity to Key System Characteristics and Assumptions

The C-BREC model also enables us to rigorously evaluate the extent to which those emissions depend on
specific characteristics of the system being modeled and the assumptions underlying the model itself. For
example, Figure 10 illustrates the impact of upgrading the facility used for power generation from a 20%
efficient biomass stoker to a 28% efficient gasifier technology. By improving the generation efficiency, this
allows more power generation from a given amount of biomass without influencing either the reference or
use-case emissions associated with mobilizing that biomass thereby reducing the emissions per kWh.
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Figure 10: Model Sensitivity to Power Plant Efficiency

Fraction of Forest Treatments

0 250 500 750 1000
Net g CO.e per kWh

Data Set
— CurGenStoker ---- NextGenGasifier

Distribution of carbon intensity results (net g CO2e/kWh) across the California recent treatments dataset -
sensitivity to power plant efficiency assumption.

Another important characteristic of some biopower generation systems is the potential deployment of a
combined heat and power (CHP) system. Figure 11 shows the impact of capturing heat from biomass
combustion and using that heat to offset heating demand nearby that would otherwise have been satisfied
by a natural gas boiler.

It is important to note that several optimistic simplifying assumptions underpin these estimates of the
impact of a CHP system. For example, this assumes a state-of-the-art CHP system capable of capturing 80%
of the heat energy produced by the power generation. Furthermore, it assumes that 100% of captured heat
is able to be used effectively to deliver heat that would otherwise have been provided by natural gas. As a
result, the carbon savings from CHP illustrated in Figure 11 should be considered overly optimistic for
many existing power plants with CHP, but possible for newer technologies or those facilities that meet
these criteria.

4 For example, facilities that participate in the CPUC Quality Facilities and Combined Heat and Power (QF /CHP)
Program.
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Figure 11: Model Sensitivity to Combined Heat and Power
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Distribution of carbon intensity results (net g CO2e/kWh) across the California recent treatments dataset -
sensitivity to offset natural gas with a high-efficiency and fully utilized CHP system at the power generation
facility.

After removal of woody residue from the field, it is typically chipped and ground for transport to a
biopower generation facility. For most of the figures in this report, we have used a static on-road haul
distance of 50km. However, as it is a direct contributor to the use-case carbon emissions that is not present
in the reference case, the net carbon intensity of biopower is meaningfully sensitive to this parameter.
Figure 12 investigates the sensitivity of the net GHG emissions to on-road transport distance to the power
plant, displaying the baseline distribution at the 50km haul distance as well as distributions at two
extremes of 1km and 240km.
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Figure 12: Model Sensitivity to On-Road Chip Van Hauling Distance
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Distribution of carbon intensity results (net g COze/kWh) across the California recent treatments dataset -
sensitivity to on-road hauling distance from field to biopower facility.

When wood chips arrive at their destination they are then stored until being used for power generation.
The baseline C-BREC model assumes that the biomass is stored for 6 months on average based on our own
informal field survey. This results in some dry matter loss through decay during storage, leading to GHG
emission as well as a loss in heating value. Figure 13 investigates the sensitivity of the biopower CI
distribution to this storage period assumption.
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Figure 13: Model Sensitivity to Material Storage Period at the Power Plant
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Distribution of carbon intensity results (net g CO2e/kWh) across the California recent treatments dataset -
sensitivity to the storage period for chipped biomass at the power plant.

As a pile of biomass decays, anaerobic conditions can develop. Further decay in the absence of oxygen
would lead to methane formation. This could occur both in the chip piles present at biopower facilities as
well as in residue piles left in the forest. Unfortunately there has been very little empirical field study of this
emission source in either of these contexts. As such, we drew on (He et al., 2014) as well as laboratory
research by our own research team (Geronimo, 2020) to parameterize the C-BREC model. Our baseline
model assumes that approximately .001% of the carbon emitted through decay in both chip piles and field
decay is emitted as CH4. As this is potentially an important source of sensitivity and uncertainty in the
model, it warrants investigation. Figure 14 shows the carbon intensity of bioelectricity with the baseline
assumption of 0.001% methane formation from biomass decay compared against a methane fraction of 5%
of total C emission from decay®. This 5% case is meant to provide an illustrative bounding sensitivity

* The California Air Resource Board assumes 0.05 tons CH4 per BDT of residue (California Air Resources Board, 2020)
which is based on an assumption that 9% of total residue carbon stock is emitted as CH4 (Placer County Air Pollution
Control District, 2013). This roughly translates into 5% - 6% of total carbon emission from decay, depending on
assumed carbon content, and assuming 100% degradation of material through decay.
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analysis, as no empirical evidence supports an assumption of such a high methane generation rate in
woody residues under typical decay conditions.

Figure 14: Model Sensitivity to Decay Methane Fraction
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Distribution of carbon intensity results (net g COze/kWh) across the California recent treatments dataset -
sensitivity to CH4 fraction from biomass decay.

Not only does increasing the assumed fraction of carbon emitted as methane from decay significantly
change the result, it also offers key insights into how its importance depends on the scenario under
consideration. Note that as elsewhere in these bimodal distributions, the narrow “spike” in carbon intensity
represents the less variable prescribed burn counterfactual whereas the wider distribution represents the
no burn scenarios. Notably, not only do we see these two scenarios switch their positions when methane
fraction from decay is raised to 5%, but the increase in methane emission shifts their carbon intensities in
opposite directions.

Where the counterfactual fate of biomass is for it to be left in the field, a 5% methane emission fraction has

a very significant impact when normalized on a GWP basis. In this scenario, the CI of biopower would be

very negative as there is significant methane emission over a long decay period. Where a prescribed burn is

the reference-case outcome for residue, increasing the methane emitted from decay leads to an increase in

the net carbon intensity of biopower because there is little residue left in the field to decay, but the decay
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over the assumed 6-month average storage period at the biopower facility becomes a dominant source of
methane.

3.4. Investigating Different Climate Metrics

The C-BREC model is able to calculate carbon intensity values for biopower generation using two different
climate metrics. These differ in how they account for the present-day CO; equivalent of a modeled
emissions time series. The first alternative—and that which is used in the results reported above—is to
normalize emissions based on the 100-year Global Warming Potential (GWP). In this case, we calculate the
present-day emissions of CO; that would yield the same aggregate radiative forcing over a 100-year time
period as the emission trajectory in question and report that as the CO equivalent. Because this is an
aggregate metric, it is often considered the relevant approach to evaluating near and medium-term climate
impacts. Another alternative is to normalize emissions using the Global Temperature Potential (GTP). As
this approach is an instantaneous metric, and therefore concerned with the state of the climate in 100 years
but not any intervening warming, it is often considered the relevant approach for evaluating long-term
climate impacts (Levasseur et al., 2016). Figure 15 below displays the distribution curves for net carbon
intensity across the California recent treatments dataset broken out by reference biomass fate in both GWP
and GTP-normalized COze.

Figure 15: Aggregate Net COze Intensity Results for Both GWP and GTP
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Distribution of carbon intensity results (net g COze/kWh) across the California recent treatments dataset with
emission profile over time normalized to COze on the basis of the 100-year Global Warming Potential (left) and
100-year Global Temperature Potential (right).
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Figure 15 warrants further explanation as it offers key insights into the differences between the climate
metrics reported. Since these figures display the net emissions, higher emissions in the reference case lead
to lower values here because more of the mobilization and combustion emissions in the use case are
"offset" by the counterfactual outcome. In the GWP-normalized figure on the left, it is clear that the
prescribed burn scenarios (i.e. those in which residues would be burned if not mobilized for biopower
generation) have a lower net biopower carbon intensity than the no-burn cases because they have higher
reference-case emissions offsetting those in the use case. However, the long-term, GTP-normalized forcing
values display the opposite trend, with the "no burn" reference cases having lower carbon intensities than
those with prescribed burns. Delaying reference-case emissions by leaving material to decay, means they
have less total forcing impact in the 100-year period, bringing the net GWP-normalized carbon intensity of
biopower up. However, it also means that more mass of GHGs is present in the atmosphere at year 100
because they were emitted later, driving the net GTP-normalized carbon intensity of biopower today down.

The opposite is true when the alternate outcome for the biomass is a prescribed burn. Field burning emits
significantly more methane than controlled combustion in a power plant. Though it is a powerful GHG,
methane has a relatively short lifetime in the atmosphere. As a result, the effect of a prescribed burn is
smaller on a GTP basis, as it is concerned with temperatures in year-100 when this methane is largely gone
from the atmosphere. On the other hand, the effect is greater on a GWP basis which considers the added
forcing in the intervening years, thereby capturing the effect of near-term elevated methane levels.
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4. Conclusions

Because it is commonly classified as renewable, and is therefore promoted as part of various climate
mitigation strategies, biopower—especially when generated from forest wastes and residues—is expected
to grow significantly in coming decades. In a 2018 Special Report, the IPCC reviewed eighty-five pathways
to achieving a maximum warming of 1.5°C and estimated that bioelectricity systems—in particular those
employing carbon capture and sequestration—would need to make up a median of 26% of primary energy
supply in 2050 (Rogelj et al., 2018). We highlight these findings not to advocate for the growth of the
bioenergy sector per se, but in recognition of the fact that it is expected to play a significant role in a
climate-constrained energy future, and should therefore be structured to ensure that it delivers the
intended climate and environmental performance.

Most policies that support bioenergy are predicated on the assertion that the pathways being promoted
offer a climate benefit compared to a scenario in which this bioenergy was not produced. However, as we
have shown, the climate performance of biopower from forest residues is highly variable. It is therefore
incumbent upon policymakers in California and elsewhere to design bioenergy policies that deliver
specifically those pathways offering significant climate and/or other environmental benefits. The C-BREC
model offers a useful tool to this end. It improves on the existing Life Cycle Assessment approaches by
transparently capturing the significant spatial and supply-chain variability in life-cycle emissions, enabling
activities to be targeted to where they offer the greatest benefit.

We find typically net positive emissions from bioelectricity generation, even where there is prescribed
burn avoided. However, bioelectricity does not need to have a negative carbon footprint in order to offer a
benefit. There are very few products or processes in existence that can make that claim. Biopower from
residues that would otherwise have been burned in situ can have a lower carbon intensity than CA grid
average electricity on a GWP-normalized basis, though higher than other renewables such as wind and
solar power. In addition, the air quality benefits offered by mobilizing residues that would otherwise have
been burned are substantial and should be taken into account alongside climate, wildfire, and ecosystem
considerations.

This analysis does not account for carbon emissions or sequestration implications of the primary treatment
activity that yields the woody residues in question. This is because residue mobilization has not been seen
to be a driver of those activities. If biomass removal is a necessary part of forest management activities that
reduce fire risk and/or improve the carbon storage on the landscape, bioenergy that facilitates these
activities by offering an outlet for residues could provide further climate benefit not quantified here.
However, these benefits would not accrue uniquely to bioelectricity, and state policymakers could consider
additional uses for the woody biomass in question that may provide stronger climate performance
alongside or as an alternative to biopower generation.

While the model results reported here and the tool they introduce offer key insights into the climate and air
quality performance of bioelectricity systems in California, they have also identified some important
research questions that warrant further investigation:

o Empirical studies of targeted emissions sources: C-BREC modeling has identified key system
sensitivities that warrant closer evaluation and further study. For example, field measurement of
methane generation from biomass piles would aid in stronger empirical parameterization of the
model. In addition, the most significant sensitivity in bioelectricity carbon intensity is the
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counterfactual fate of the biomass being used. There is little organized record-keeping on
prescribed burning of forest residues, and further research is needed to rigorously and
transparently estimate the fraction of residue that has historically been burned on different
working landscapes in California.

Air emissions health burden: C-BREC has generated a substantial, spatially disaggregated database of
criteria air pollutant emissions associated with mobilization and use of biomass residues as well as
their counterfactual fate in the field. It was beyond the scope of this research to evaluate the human
health burden associated with these emissions or the equity of the distribution of this burden. The
C-BREC model and output database offer an opportunity to investigate these effects.

Expansion to other use-cases for woody biomass: in addition to electricity, residual biomass could be
used as a feedstock for other end uses such as liquid fuels, biochar, or durable wood products.
Policy and industry decision-making in the broader wood products space could be better informed
if impact assessments were harmonized. Expanding C-BREC to incorporate other pathways for
residue utilization would offer key insights and could be accomplished via integration with existing
LCA tools such as the GREET model for liquid fuels.

Integration of Bioenergy with Carbon Capture and Storage (BECCS) in California: BECCS is one of the
more practical negative emissions electricity generation technologies available. By removing the
most significant emission source in the use case of the pathways evaluated here (biomass
combustion for electricity generation), it would lead to uniformly negative biopower carbon
intensity. C-BREC could be a useful tool in locating and evaluating the potential of BECCS facility
development in California.

Integration with broader land-use modeling frameworks: This project considers forest management
activities as exogenous to the biomass residue supply chain. As such, C-BREC does not quantify any
carbon cycling implication of these activities. There are promising opportunities to integrate C-
BREC with forest carbon modeling tools to evaluate the landscape-level climate implications of
different land management scenarios including biomass utilization.

Incorporation of biomass resource economic modeling: The C-BREC framework enables us to
evaluate the emissions implications of mobilizing residues from notional harvests in California but
does not identify where those harvests will occur. By integrating elements evaluating the
economics of forest harvest and biomass mobilization, we would be able to robustly evaluate the
landscape-scale implications of, for example, new biopower facility construction or subsidies to
biomass mobilization in the state.
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