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Abstract

The forests of North America play an important role in the global greenhouse gas balance by
removing carbon dioxide from the atmosphere, storing it in forest ecosystems and in products
manufactured from harvested wood, and providing society with wood for construction, energy and
other uses. The objective of this project was to improve and harmonize methods for assessing changes
in carbon stocks and causes of change, among the three countries of North America, and to develop
tools for the estimation, reporting and projection of past and future forest greenhouse gas balances as
affected by natural disturbances, forest management, and land-use change. Such information lays the
foundation for the development and quantification of policies and activities aimed at reducing carbon
emissions and at enhancing carbon removal from the atmosphere by forests. Examples of such
policies include the reduction of emissions from deforestation and forest degradation through
sustainable forest management. A focus of this project was the demonstration and testing of computer
models for the integrating of data from many different sources, such as forest inventories, ground plot
measurements, and remotely-sensed time series of land cover and land-cover change. Two models,
the Carbon Budget Model of the Canadian Forest Sector (CBM-CFS3) and the Forest
DeNitrification-DeComposition model (DNDC) have been used in three representative landscapes
(Yucatan Peninsula, Mexico; Nez Perce—Clearwater National Forest, US; and the Prince George
region, Canada) to analyze past and future carbon budgets. The results of this study describe how
different remotely-sensed data and processing algorithms affect the mapping and quantification of
areas affected by activities such as natural disturbances and harvesting; how to use spatially
referenced and spatially explicit data to drive the CBM-CFS3 model; and the capabilities of different
models to assess the impacts of various disturbances on productivity and carbon stocks; as well as
highlight the basic requirements for using models in assessments of carbon stocks, and make
recommendations for future work based on the lessons learned in this project. The Commission for
Environmental Cooperation (CEC) has coordinated and partially funded this collaborative project of
scientists in Canada, Mexico and the US, involving the three national forest services, other agencies,
and universities.

Commission for Environmental Cooperation

Xiv



Integrated Modeling and Assessment of North American
Forest Carbon Dynamics

Executive Summary
W.A. Kurz, R.A. Birdsey, V.S. Mascorro, D. Greenberg, M. Olguin, and R. Colditz

Globally, forests are the largest land-based carbon sink, and over the past two decades have removed
more than one-quarter of the emissions worldwide from the burning of fossil fuels (Le Quéreé et al.
2015; Pan et al. 2011a). The projected future role of forests in the carbon cycle, and the potential
impact of climate change mitigation by the forest sector remain highly uncertain (Friedlingstein et al.
2006; IPCC 2014a; Wieder et al. 2015). Therefore, we need a better understanding of the main drivers
of forest carbon dynamics and their changes, which include human and natural disturbances, land use
and land-use change, as well as climate and environmental changes (Birdsey et al. 2013).

As countries attempt to meet their commitments to greenhouse gas (GHG) emission reduction targets,
governments seek to understand better how forests and the forest sector can contribute to climate
change mitigation. This understanding is improved, first, by quantifying current drivers of emissions
and removals, and, second, by identifying and quantifying which changes in human activities reduce
emissions or increase forest sinks, relative to a baseline or a reference period (Lempriére et al. 2013).

This project was initiated by the three national forest services of North America, with support from
the Commission for Environmental Cooperation (CEC) and other sponsors. The trilateral research
cooperation involved experts from multiple agencies and institutions in the three countries. This
research contributes to the development of science-based decision support models that quantify the
impacts of alternative forest and land management options on the carbon balance of North American
forests.

The fundamental principles of forest carbon dynamics apply to all forest ecosystem types but the
responsible drivers and their impacts on GHG sources and sinks across diverse geographical regions
and over time can differ greatly. Science-based models can inform policy by quantifying the past and
future impacts of human activities on GHG emissions and removals and by assessing the
effectiveness of climate change mitigation strategies designed to reduce GHG sources or increase
sinks.

The primary focus of this project has been on improving forest-sector GHG assessments, through the
use of analytical tools that integrate data from forest inventories, ground-plot measurements and
intensive site studies, soil carbon measurements, and remote sensing of land-cover and its changes
over time. We examined both empirical and process models and developed methods to use new
remote sensing products, such as annual time-series analysis of land-cover change at 30-meter
resolution, as spatially explicit input to models that estimate annual GHG emissions and removals.
We demonstrate the use of such models in the analysis of past and projected future scenarios of GHG
emissions. Finally, we provide examples of how these models can support the analysis of mitigation
policies aimed at reducing GHG emissions or increasing GHG removals through changes in forest
management, and reducing deforestation and forest degradation.

Commission for Environmental Cooperation
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The approaches to estimating national GHG emissions and removals vary among the three countries
of North America, because of differences in the available data, tools and other national circumstances.
While all three countries follow methods defined by the Intergovernmental Panel on Climate Change
(IPCC), this project seeks to harmonize the different scientific approaches. We demonstrate the use of
IPCC Tier 3 methods that use empirical or process-based models to integrate data from a variety of
sources, and apply these models to three selected regions: the Yucatan Peninsula (YP) in Mexico, the
Nez Perce—Clearwater National Forest (NP) in Idaho, US, and the Prince George region (PG) of
British Columbia, Canada. For the estimation of GHG emissions and removals, both modeling
approaches clearly demonstrate the importance of “activity data,” i.e., the information on area
annually affected by natural and human disturbances, including harvesting and land-use change and
in particular, deforestation, which is defined as the conversion of forest to non-forest land uses.

In this study, we predominantly used two forest carbon dynamics models to integrate data from many
different sources for the estimation of GHG balances: the Carbon Budget Model of the Canadian
Forest Sector (CBM-CFS3) and the Forest DeNitrification-DeComposition model (DNDC). The
CBM-CFS3 relies heavily on empirical measurements obtained from forest inventories (to describe
the initial distribution of forest types and their ages) and growth and yield (to quantify growth rates of
different forest types). The CBM-CFS3 uses process-based modeling for the quantification of carbon
dynamics in dead organic matter (litter and deadwood) and soil carbon pools (Kurz et al. 2009). The
CBM-CFS3 can operate with spatially explicit (map-based) or spatially referenced (table-based)
activity data. It is compliant with IPCC guidelines, reports on the five required carbon pools, and
reports results that include the transitions among the land-use categories defined by the United
Nations Framework Convention on Climate Change (UNFCCC). The model operates in annual time
steps, and runs relatively fast, which enables the efficient analysis of multiple projected future
scenarios and the exploration of mitigation options. Such scenarios can evaluate the impacts of
changes in growth and decomposition rates, disturbance rates, forest management, and land-use
change.

Process models such as DNDC simulate forest growth, as well as the dynamics of dead organic matter
and soil carbon, by using information on soil, plant, climate and environmental conditions (Li et al.
2000; Stange et al. 2000). DNDC requires a very large amount of input data about the ecosystem, the
tree species, and soil information for five vertical layers, as well as daily climate information. It
operates in daily time steps and therefore individual runs can take many days to weeks, depending on
the size of the landscape and the time period of the analysis. While it is not practical to use such a
model at high spatial resolution for large geographic regions, we demonstrate here that the primary
strength of process-based models, once calibrated and validated, is their ability to generate estimates
of biomass carbon stocks that are in close agreement with observed values and that can then be used
to simulate how different kinds of disturbances have affected or may affect forest carbon stocks.
Another use of process models driven by climate and environmental variables (such as atmospheric
CO, concentration) is their ability to simulate ecosystem responses to future climate changes, which
are illustrated in this report.
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Analyses of GHG emissions in forest ecosystems require detailed information on the initial conditions
of the landscape, including the extent, type and age (or time since the last stand-replacing
disturbance) of forest ecosystems. Equally important are empirical estimates of how forests grow
after disturbances, including detailed accounting of the changes in different carbon pools. Tracking
the different carbon pools and transfers among them is a critical element for accurately estimating
past and future forest carbon budgets. These values are highly variable among different geographic
regions, forest types, and type and intensity of various disturbances. A particular challenge in the
tropical forests of the YP is that the forests are uneven aged and are often degraded as a result of
recent non-stand-replacing disturbances, which are harder to detect and quantify than stand-replacing
disturbances. Generating maps of the initial distribution of forest ages was a challenge in this study
because it was difficult to distinguish from forest inventory information whether a plot with low
biomass was a young forest or a degraded older stand. Further work will be required to improve the
information on the initial forest conditions in these complex forest types, including the initial
distribution of biomass and the associated growth rates.

Natural and human disturbances in forests are the key drivers of annual GHG emissions and removals
in most forest ecosystems. Therefore, activity data that quantify the rate of natural and human
disturbances are important information for the estimation of forest GHG budgets. Remote sensing
products are increasingly becoming available that describe land cover at 250-meter, 30-meter or
higher resolution, in annual time steps. Methods are being developed to calculate annual land-cover
changes through these products (e.g., for Saskatchewan, Canada, see Hermosilla et al. 2015), from
which activity data can be derived. Here we developed methods and a tool (Recliner) to use such
remote sensing products of annual land-cover change as input to carbon budget models, and tested
these in the three selected landscapes in Canada, Mexico, and the US.

We also used the CBM-CFS3 with input data for a single Landsat scene in the YP to evaluate the
impacts on estimates of GHG emissions and removals of four different remote sensing and map-
derived products of annual land-cover change, each with and without attribution of the changes to
specific disturbance types. From the eight spatially explicit simulation runs with the CBM-CFS3 we
concluded that uncertainties in GHG estimates can be reduced by:

(1) increasing the spatial resolution of remote sensing products from 250 to 30 meters, because at
the higher resolution we can detect more small-patch disturbances common in the YP;

(2) increasing the temporal resolution of land-cover products to one year, because we can detect
more disturbances that are followed by rapid regrowth; and

(3) attributing the land-cover change to the disturbance type, because this improves the
estimation of the disturbance impact on GHG emissions, including, in the case of fire, non—
carbon dioxide (CO,) GHG emissions such as methane (CH,4) and nitrous dioxide (N,O),
which have much higher global-warming potentials than CO.,.

The large range of GHG emission estimates from the eight land-cover change products highlights
that efforts to improve the accuracy of such products, including the identification of disturbance
types, can yield substantial reductions in uncertainty of GHG estimates at the regional or national
scale.
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The study also explored the choice of timing of the remote sensing scenes (dry season vs. peak
growing season) and the choice of change-detection algorithms, on the accuracy of land-cover change
products. We tested a change detection algorithm (Vegetation Change Tracker—VCT) (Huang et al.
2010) that is well established and successful in temperate forest ecosystems. Unfortunately, due to
cloud cover and lack of suitable imagery for some years, it failed to detect some significant
disturbances particularly during the year 2009 of the simulation period, whereas the Hansen et al.
algorithm (Hansen et al. 2013), which makes use of all available cloud-free pixels, was able to detect
these disturbances. Results also showed that time series of land-cover changes derived from NASA’s
Moderate Resolution Imaging Spectroradiometer (MODIS) detected significantly fewer disturbances
than the three other methods tested, all of which used higher-resolution Landsat imagery. Improved
methods to remotely detect disturbances in persistently cloudy regions is a high-priority research
issue for Mexico.

We examined the impacts on GHG estimates and trade-offs between the choice of spatially explicit
and spatially referenced activity data. Spatially explicit approaches (IPCC Reporting Method 2, IPCC
2003, 2006) identify the location of every polygon (or pixel) in a landscape. In contrast, spatially
referenced approaches (IPPC Reporting Method 1, ibid.) identify the geographic boundaries of land
areas, such as management units, to which all data are referenced. Thus it can be known that a spatial
unit contains X hectares (ha) of a particular forest type, but the exact location(s) of the forest type
within the spatial unit is unknown. Spatially referenced input data, such as rates of firewood
collection or other activities that are not readily mapped, require rule-based information in order to
allocate these activities to the appropriate polygon or pixel.

Process-based models such as DNDC currently cannot use spatially referenced data, and the CBM-
CFS3 is limited to using either spatially referenced or spatially explicit data sources—it cannot
combine the two types of input data in one simulation. Spatially referenced approaches greatly reduce
the volume of input data, and are more conducive for analyses of future scenarios as they do not
require spatially explicit forecasts of the location of future disturbances or human activities such as
deforestation.

We evaluated the differences of GHG estimates derived from spatially referenced and spatially
explicit simulations. We compared cumulative GHG emission estimates, obtained from a single
spatially explicit simulation, with several sets of 400 spatially referenced simulations, for the NP
forest in ldaho, US. The uncertainties in GHG estimates obtained from spatially referenced
simulations decreased when there were increasing constraints on the eligibility of forest stands for
selection, by each disturbance type. However, with increasingly stringent rules, the number of stands
that were repeatedly disturbed increased. These repeat disturbances in the spatially referenced
simulations introduced a bias in estimates compared to the spatially explicit simulations because
emissions resulting from second and subsequent disturbances in the same stands are lower. Adding a
rule to prevent repeat disturbances in the spatially referenced simulations reduced the bias, but
changed the sign of the bias because in reality, a few repeat disturbances were observed in the
spatially explicit simulations. Thus, rule sets that are used to implement spatially referenced data in
simulations of GHG estimates need to consider both the eligibility of stands and the amount of repeat
disturbances in the same stands. The study demonstrated that, with the appropriate rule sets, spatially
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referenced activity data can be used in the CBM-CFS to quantify past GHG emission and removal
estimates and to simulate scenarios of future forest management and land-use change scenarios.

We used the process model DNDC to estimate the impact of different kinds of disturbances on carbon
stocks of different pools. After calibrating and validating DNDC using independent data from field
observations, we simulated the effects of fire, hurricane, harvest, and combinations of these
disturbances. At each site, these disturbances showed significant losses of stored carbon immediately
following the event, after which stocks began to recover quickly. In the YP, the simulated category 4
(severe) hurricane caused a significant loss of about 86% of the live biomass, 70% of which was
assumed to be salvaged and the remainder added to woody debris and soil carbon pools. Biomass
added to dead organic matter pools decomposed quickly in the tropical climate of the YP.
Disturbances in temperate and boreal forests also have profound effects that last for decades. For the
NP, harvests during 19912011 removed about 763.5 Gg C from the aboveground biomass; however,
other disturbances caused a larger loss of live trees than harvest in the same period—about 4131 Gg C
of live, aboveground biomass were lost to fires and insects, and most of the live biomass was
transferred to deadwood pools. These disturbances also left a large amount of dead roots in the soils
of the forest, which produced a subsequent increase in soil CO, flux due to decomposition
(heterotrophic respiration). Fires caused significant loss of litter carbon, over 10 Mg C ha™ at the
locations where canopy fires occurred.

We also used DNDC to simulate the expected effects of selected climate changes and increases in
atmospheric CO, concentrations, which may affect future forest productivity and significantly affect
projected changes in carbon stocks. In the YP we found significant relationships between biomass
stocks and both temperature and precipitation. Based on climate variability in the last 33 years (1981—
2013), DNDC projected that carbon storage in moist forests could increase with an increase in
temperature in the YP. However, biomass carbon storage in dry forest could decrease with an increase
in temperature. Biomass carbon could increase by a large amount with an increase in precipitation in
moist forests, and by a much smaller amount in dry forests. In the NP forest, DNDC suggested that
biomass increases with increasing temperature, and decreases with increasing precipitation, although
these relationships were inconsistent for different forest types.

Using the CBM-CFS3 in a spatially referenced approach, we conducted analyses of the historic and
projected future carbon balance for the entire Yucatan Peninsula, stratified into six spatial units. We
used the spatial framework that was developed for national-scale analyses in Mexico (94 spatial units)
and simulated six spatial units in the YP which result from the intersection of the boundaries of three
states and two ecoregions (Level 1, CEC 1997). We developed estimates of annual activity data from
land-use change matrices that were derived by comparing land-cover maps for the periods 1993—
2002, 2002-2007 and 2007-2011. We estimated the contribution of disturbances (fires) and land-use
change to the GHG balance of the entire YP and the results showed a small annual carbon sink that
diminished over time as the total forest area decreased due to net deforestation, the growth rate of the
remaining forests decreased with age, and the emissions per hectare deforested increased with
increasing forest age. We also documented the contribution of the three main land-use categories to
the overall GHG balance of the peninsula. We estimated the average GHG fluxes from 2001 to 2010
to be: Forest Land remaining Forest Land (a big sink; -52 Tg CO.e yr™), Forest Land converted to
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Other Land (a medium source; 27 Tg CO,e yr?), and Other Land converted to Forest Land (a small
sink; -8 Tg COe yr'). However, it is likely that the overall GHG balance of the peninsula will
approach zero as additional more-complex and finer-scale disturbances (i.e., degradation) are
included in the analysis (Olguin et al. 2015).

Future mitigation efforts, including the reduction of emissions from REDD+ (Reducing Emissions
from Deforestation and Forest Degradation [and Sustainable Forest Management]) activities, are
evaluated against a reference level or baseline. We evaluated two possible methods to define such a
baseline: the average emissions over the past decade, or the emissions resulting from average
activities over the past decade. We demonstrated that the results differ greatly. In the first approach
the annual sink is assumed to remain the same, while in reality (as represented by the second
approach) the sink decreases as the cumulative impacts of deforestation reduce the forest area and
thus reduce the capacity of the overall area to absorb atmospheric CO..

We also demonstrated the use of the CBM-CFS3 for the estimation of changes in emission resulting
from changes in future deforestation rates in the YP. The annual gross deforestation rate is estimated
to be about 0.6% yr™ from 2001 to 2010 and we simulated a second scenario in which that rate was
reduced by 2.5% yr™. We estimated that, relative to the REDD+ baseline defined by average activity
data, net GHG emissions from deforestation can be reduced by 16% in 2020 if the gross deforestation
rate is reduced by 25% in 2020, or these emissions can be reduced by 41% in 2030 if deforestation
can be cut in half by 2030. It is important to note that selecting the REDD+ baseline defined by past
average emissions would result in an accounted increase in emissions (relative to the baseline) even
when the deforestation rates are reduced.

We compared selected results from the different modeling approaches with each other and with
available data sets, to improve understanding of the ecosystem responses to perturbations and to
highlight some uncertainties about how forests will respond in the future, as a result of anthropogenic
or natural factors. In practice, empirical models are well suited to representing carbon stock changes
of the different carbon pools due to impacts from management activities, fires, insects, and land-use
change; to quantifying the uncertainty of directly measured carbon pools; and to validating the
independent estimates from process models. Process models are more useful for simulating forest
ecosystem response to changes in climate or the concentration of atmospheric CO,, and may be used
to make estimates or projections outside the spatial and temporal boundaries of the data used for
parameterization. It is important to validate models with independent data sets before attempting to
use them outside the range of parameterization data.

Comparing results of the two models revealed that a high level of analytical skills may be required to
use empirical and process models, since both classes of model usually require significant efforts for
acquiring and managing the input data—which may not be readily available, representative of the
region or forest type of interest, or properly prepared for the model. As a general rule, empirical
models are easier to understand whereas process models usually involve detailed representation of
mechanisms and their responses to environmental drivers, which should be well understood by the
modeler. Model comparisons are exceedingly difficult to perform. Different models have different
data requirements, may or may not be spatially explicit, may include representation of different
environmental drivers, and may use different definitions of variables. Estimates of key variables, such
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as net primary production (NPP), net ecosystem production (NEP) and net biome production (NBP),
are significantly different among modeling approaches, and the causes of these differences are hard to
interpret. Sorting out these differences is labor-intensive, and was beyond the scope of this project.

We concluded that Tier 3 models are powerful and flexible tools for the integration of data from
multiple sources. They can generate the data required for regional and national estimates of GHG
emissions and removals in the forest sector: the CBM-CFS3 has been used since 2006 to generate the
input data for Canada’s national GHG inventory report (Stinson et al. 2011; Environment Canada
2015) and it has been used to estimate reference emission levels for Mexico’s submission to the
Emission Reductions Program Idea Note, of the Forest Carbon Partnership Facility (FCPF 2013). We
also demonstrated some of the abilities of process models to enhance the analysis of, validate results
of, and estimate ecosystem responses to climate change.

Conclusion

The results of this study contribute to the desired outcome of improved design and assessment of
climate change mitigation activities aimed at sustainable forest management and REDD+ activities in
the forest and land-cover change sector in North America. This study revealed some issues and
opportunities in data availability and modeling applications that could improve results, and these
lessons learned will help guide additional work to improve forest greenhouse gas assessment at
different scales. Future CEC-funded work will focus on the use of these tools for the analysis of
climate change mitigation options in the forest sector in representative landscapes of North America.
Analyses of mitigation options will require that additional analytical capabilities and supporting data
are developed, because such analyses require an assessment of changes in forest carbon stocks,
changes in harvested wood product carbon stocks, and the changes in emissions in other sectors
resulting from the substitution of emissions-intensive products such as concrete, steel and plastics
with harvested wood products (Lempriére et al. 2013), as demonstrated for national-scale analyses in
Canada (Smyth et al. 2014). Work will also continue on the development and testing of approaches to
improving remote sensing products of land-cover change and the integration of such products with
models of GHG emissions and removals.
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1. Introduction
W.A. Kurz, R.A. Birdsey, and V.S. Mascorro

Globally, forests are the largest land-based carbon sink and over the past two decades have removed more
than one-quarter of the emissions from the burning of fossil fuels. However, the projected future role of
forests in the carbon cycle remains highly uncertain (Friedlingstein et al. 2006; IPCC 2014a; Wieder et al.
2015), and there are opportunities for countries to engage in activities that can help sustain or increase the
global forest carbon sink (Canadell and Schulze 2014). Therefore we need a better understanding of the
main drivers of forest carbon dynamics, and in particular we need a better understanding of the main
drivers of change—which include human and natural disturbances, land use and land-use change—and
the future responses of forests to climate and global environmental changes (Birdsey et al. 2013).

As countries attempt to meet their commitments to greenhouse gas (GHG) emission reduction targets,
governments seek to understand better how forests and the forest sector can contribute to climate change
mitigation. This understanding is improved, first, by quantifying current drivers of emissions and
removals, and second, by identifying and quantifying which changes in human activities reduce emissions
or increase forest sinks relative to a (projected or historic) baseline (or reference level) (Lempriére et al.
2013). Examples of activities that can contribute effectively to reductions in net GHG emissions include
reducing rates of deforestation (the conversion of forest to non-forest land uses), reducing or eliminating
forest degradation, increasing removals of atmospheric carbon by forests through land management (e.g.,
reforestation or afforestation), and increasing use of harvested wood products to retain carbon and to
substitute for other emissions-intensive materials such as concrete, steel and plastics (Pérez-Garcia et al.
2005; Schlamadinger and Marland 1996; Skog 2008; Smyth et al. 2014; Werner et al. 2010).

This project was initiated by the three Forest Services of North America and supported by the trinational
Commission for Environmental Cooperation (CEC). It contributes to the development of science-based
models, data, and tools that can quantify the impacts of alternative forest and land management options on
the carbon balance of North American forests. Such tools are developed with the goals to improve the
understanding of forests’ contribution to regional and national GHG budgets and to support future policy
and management decisions about climate change mitigation activities. The project is part of the Climate
Change—Air Quality cluster of CEC projects that supports work on measuring emissions and quantifying
carbon sinks, mapping ecosystem carbon, and developing approaches to mitigating black carbon. The
CEC funded large parts of this research, and additional financial and in-kind contributions came from
United States Agency for International Development (USAID) bilateral and SilvaCarbon programs,
Conafor’s Reinforcing REDD+ and South-South Cooperation project, the Canadian Forest Service, and
other collaborating agencies and institutions in the three countries. The CEC also played an additional
important role by assisting the coordination of the research across the three countries.

The fundamental principles of forest carbon dynamics apply to all forest ecosystem types, but the
responsible drivers and the distribution of GHG sources and sinks across diverse geographical regions and
over time can differ greatly. For example, degradation and conversion of forests to other land uses is the
largest contributor to carbon emissions from forests in Mexico; natural disturbances cause large sources in
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some regions of the US and Canada; and actively growing young forests contribute to carbon sinks in all
of North America.

Science-based models can inform policy by quantifying the past and future impacts of human activities on
GHG emissions and removals and by assessing the effectiveness of climate change mitigation strategies
designed to reduce GHG sources or increase sinks. Such tools can be used to simulate alternative
scenarios of mitigation activities. The results of such scenario analyses can identify and evaluate the
potential of various forest-sector activities to contribute toward national GHG emission reduction targets
in Canada, the US and Mexico, including initiatives aimed at reducing emissions from deforestation and
degradation—e.g., REDD+. (The “+” identifies additional components added in 2010 to represent
conservation of forest carbon stocks, sustainable management of forests, and enhancement of forest
carbon stocks.)

This report synthesizes results and the improved understanding of forest carbon dynamics rising from
trilateral research cooperation among experts from the three North American Forest Services and from
associated agencies. The authors’ focus has been on advancement of methods for monitoring and
reporting forest-sector GHG emissions, and the development of approaches to integrate large amounts of
data from a variety of sources and disciplines into systems that can then be used for the quantification of
past GHG emissions and the simulation of future scenarios. We do not seek to develop national-scale
estimates, as these are the responsibility of the respective national agencies. Instead, through our research
in selected landscapes in Mexico, the US and Canada, we seek to improve the coordination and
integration of activities and the resulting products in support of forest-sector GHG estimation in North
America. Of particular interest has been the development of methods to use newly available remote
sensing products as input to ecosystem and carbon-budget models that estimate GHG emissions and
removals in response to land management activities as well as to natural and human disturbances. The
CEC also supports the North American Land Change Monitoring System (NALCMS), which produces
time series of land-cover change products for North America (< http://www.cec.org/tools-and-
resources/north-american-environmental-atlas/land-cover-and-land-cover-change >). These and related
products from other agencies provide new opportunities to reduce uncertainties in North American forest
carbon dynamics estimates. However, at the start of this project, tools that can use these remote sensing
products to improve GHG estimates did not exist or were in the early stages of development. Examples
describing the approaches and the application of these tools in Mexico, the US and Canada are included in
this report.

The report provides an overview of the approaches to forest GHG estimation and reporting and outlines
the importance of an integrated systems approach that combines data, methods and models from multiple
sources, to derive estimates of forest GHG balances, their changes over time, and the main drivers of
change. It provides examples of regional applications of tools to develop GHG emissions and removal
estimates, and highlights the new opportunities and challenges arising from remote sensing-derived land
cover-change products. The results of this study contribute to the desired outcome of improved design and
assessment of climate change mitigation activities aimed at sustainable forest management, and REDD+
activities in the forest and land-cover change sector in North America.
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2. General Concepts of Forest Carbon Estimation and Reporting
W.A. Kurz, V.S. Mascorro and R.A. Birdsey

2.1 Brief overview of the basic principles

The Intergovernmental Panel on Climate Change (IPCC) Task Force on Greenhouse Gas Inventories
(TFI) has developed a series of reports and supporting tools for the preparation of GHG inventories (IPCC
2003, 2006, 2014a, 2014b). These include a set of fundamental principles: transparency, consistency,
comparability, completeness, accuracy, verifiability and efficiency (IPCC 2000, Table 2.1,
<www.ipcc.ch/ipcereports/sres/land_use/index.php?idp=59>). Inventories are also expected to neither
over- nor under-estimate GHG emissions and removals, as far as can be judged. Moreover, countries are
expected to identify, quantify and reduce, as far as practicable, the uncertainties in their GHG estimates.
This requirement encourages a continuous improvement process in the preparation of inventories, which
can only be achieved through dedicated programs and sustained teams of experts responsible for the
preparation of GHG inventories, using models and other tools to integrate and analyze relevant data from
many sources.

Table 2.1 Core principles of an accounting system

Principle Description

The assumptions and methods used in the accounting system should be clearly explained, to

Iraaznaraacy facilitate the replication and assessment of the information by its users.

The accounting system should be consistent with the scientific principles of carbon processes and
Consistency the institutional context in which the system is applied (e.g., objectives driving the need for the
system), including carbon coverage over space, pools, and time.

The information produced should be comparable across Parties and over time. Differences in
Comparability methods and data should be made transparent so that the numbers are as consistent and
comparable as possible.

All the sources and sinks that are “applicable” should be accounted for and defined by the

G etaness provisions of the Kyoto Protocol.

The reported numbers from an accounting system should be valid and accurate. Accurate estimates

Acturicy should be unbiased and should not systematically under- or overstate the true number.

The reported numbers in the accounting system should be verifiable by a third party. They should be
built on proper data collection, measurement, and reporting procedures; and based on substantiated
data, models, and methods. The location and extent of the land on which the claimed carbon
sequestration took place should also be clearly identified, preferably using a consistent geographic
information system that would facilitate identification of possible double-counting and the overlay of
information used for verification (e.g., remotely-sensed data).

Verifiahility

An efficient accounting system should operate at the point where the marginal costs of increased
accuracy, precision, and verifiability just equal the marginal benefits of achieving the improvements.
When resources are not available to obtain an efficient system, the objective should be to obtain the
most effective system given the available resources.

Efficiency

Source: Derived from the IPCC Core Principles (IPCC 2000).
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There are three steps in the preparation and use of GHG inventories: estimating, reporting, and
accounting.

e Estimating GHG emissions and removals involves the preparation of estimates and their
associated uncertainties.

e The reporting of these estimates follows internationally agreed-upon formats such as the common
reporting format (CRF) tables.

e Accounting involves the determination of credits and debits, and the assessment of achievements
relative to GHG emission reduction targets.
2.2 Five carbon pools in ecosystems (plus harvested wood products)

The IPCC (IPCC 2003, 2006) defines five carbon pools in terrestrial ecosystems: aboveground biomass
and belowground biomass, which together make up the biomass pool; litter and deadwood, also called the
dead organic matter (DOM) pool; and the soil organic carbon pool (SOC), also known as the soil organic
matter (SOM) pool. The five pools are explained more detail in Table 2.2.

Table 2.2 Five ecosystem carbon pools defined by the IPCC

[ ol | v S —

Aboveground = |ncludes all the living plants and woody forms above the soil (i.e., trees, shrubs, herbs, stems,
biomass stumps, branches, and foliage).
Biomass Belowetound = Comprises all biomass of live roots. Live fine roots of less than (suggested) 2 mm diameter
bion%ass are often excluded because they are difficult to measure, but roots can be included in the soil
organic matter pool.
= |ncludes all non-living biomass with a size greater than the limit for soil organic matter
Litter e.g., 2 mm) and less than the minimum diameter chosen for deadwood (e.g., 10 cm)

downed dead, in various states of decomposition above or within the mineral or organic soil,
e.g., detritus of leaves, fruits, flowers, twigs and small branches.

= Comprises all woody debris not included in the litter pool.

Dead l]rgngl;lilc Deadwood = Includes all the deadwood on the forest surface, standing dead trees, stumps, dead logs, coarse
Matter (DOM) woody debris and dead roots that have a diameter larger than or equal to 10 cm (suggested).

= |ncludes all organic carbon in mineral soils at the depth of the soil profile limit chosen by the
Soil organic country according to their national specifications.

matter = Live and dead fine roots with diameters less than the suggested limit for belowground biomass
(2 mm) can be included when they cannot be distinguished empirically.

Note: mm = millimeter(s); cm = centimeter(s).
Source: Derived from the IPCC guidelines for GHG inventories (IPCC 2006).

Guidelines for the estimation of carbon stocks and stock changes also exist for harvested wood products
(HWPs) (IPCC 2006, 2014a). Harvested wood products, including sawn timber, panels, pulp and paper,
and related products can store carbon for years to centuries. Understanding carbon storage in and releases
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from HWPs is also important for the assessment of forest-sector mitigation options (Lempriere et al.
2013; Smyth et al. 2014). However, carbon stocks in HWPs were beyond the scope of this study.

2.3 Gain-loss and stock change methods for estimating carbon
emissions and removals

There are two methods suggested by the IPCC to estimate carbon emissions and removals. The gain-loss
(or default) method and the stock change method are briefly described in this section. For both methods,
the calculations have to be conducted for each pool, year, and land category. Depending on the size and
complexity of the area analyzed, and the level of reporting detail desired, large numbers of calculations
have to be made and their uncertainties estimated. Such calculations can be assisted by spreadsheets or
models or other forms of analytical frameworks that enable the integration of large amounts of data from
a variety of sources.

Gain-loss method

This is the default method provided by the IPCC (IPCC 2003, 2006) and is ideal for situations where an
initial inventory is established at the starting year or period for reporting. It calculates the annual balance
of carbon stock gains and losses for each pool, and sums across the pools. This method can report
interannual variability of emissions and removals, and it allows for attribution of cause of change and of
calculation of non—carbon dioxide (non-CO,) GHG based on activity-specific emissions—e.g., methane
(CH,4) and nitrous oxide (N,O) correlated with area burned. Implementation requires a starting inventory,
activity data, and information on ecosystem carbon dynamics, including: growth and mortality rates,
stratified by species and forest types; rates of litterfall and biomass turnover; and decomposition rates.
The calculation (Figure 2.1) is iterated in annual (or other) time steps.

Figure 2.1 Gain-loss method for estimating carbon emissions and removals
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Stock change method

In this method, the difference in carbon stocks between two points in time is calculated, based on starting
and ending inventories (Figure 2.2). It requires estimates at both ends of the time series, which is both an
advantage for and constraint against the use of this approach in countries that do not have well
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established, continuous forest inventories. The main advantage is that an inventory at two (or more)
points in time provides an unbiased estimate of the rate of change in carbon stocks over the period. The
observed rates of change and the net carbon balance are then averaged over the period of measurements,
which leads to the disadvantage that there is no direct calculation of interannual variation in emissions
and removals over the observation period, i.e., that the variation over time is necessarily presumed to be
linear. Attribution of cause of changes may be limited to variables observed in the inventory process, such
as harvesting or mortality, and estimating interannual variability and non-observed causes of change are
only possible if additional activity data are available and calculations of gains and losses are made,
similarly to the requirements for the gain-loss method.

Figure 2.2 Stock change method for estimating carbon emissions and removals: The difference of
carbon stocks between two points in time

Difference

Carbon stocks

Time 1 Time 2

The combined use of both methods allows for further improvements to the estimates. Where repeated
inventory measurements are available, these can be used to validate the results obtained with the gain-loss
method, and conversely the estimates of annual gains and losses can be used to inform the stock change
method about interannual variation in emissions and removals and to improve identification and
quantification of the causes of observed changes.

2.4 Carbon budget models

Models of carbon dynamics for terrestrial ecosystems can improve the precision and accuracy of
estimates of carbon stocks and stock changes for the forest sector and their response to management,
disturbances or climate (GOFC-GOLD 2011; Huntzinger et al. 2012; Kurz et al. 2009). Models enable the
guantification of forest carbon dynamics though the synthesis and integration of data from many different
sources, including forest inventories, ground plots, and remote sensing (Birdsey et al. 2013; Kurz et al.
2009; Lemay and Kurz 2008; Wulder et al. 2008), and the process of modeling improves understanding of
the mechanisms controlling carbon exchanges between the land and the atmosphere. Models may also be
used to generate emissions factors, to develop a forward-looking baseline, or to analyze scenarios (e.g.,
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management, land-use change, natural disturbances). Models may also help identify gaps in information,
and guide future research or monitoring to fill in these gaps in a cost-effective manner (Huntzinger et al.
2012; IPCC 2011; Liu et al. 2011).

Generally, models can be divided into two broad groups: empirical models, which use data typically
obtained in national forest inventories or other field surveys; and process models, which use detailed
ecophysiological relationships between plants, soil and atmosphere. However, process models also
require information on forest type and distribution, and other data similar to those used in empirical
models. The distinction between the two modeling approaches is often blurred, and hybrid models that
rely on both empirical data and process modeling are common. For example, the CBM-CFS3 model used
in this study uses empirical relationships to represent tree growth and mortality, and process modeling to
represent the dynamics of dead organic matter and soil for which inventory information is much more
limited.

Empirical models

Empirical models use observed variables, such as wood volume and tree biomass, from sample plots and
relate these quantities to classification variables, such as stand age and forest type, using an empirically
estimated functional relationship, such as described by a regression equation or yield curve. It is relatively
straightforward to estimate the uncertainty of estimates from empirical models as long as the data
represent the population of interest. Empirical models may not require data of environmental conditions,
although the landscape may be partitioned or stratified into domains that represent a range of
environmental factors, forest types, activities, or disturbance types. The quality and quantity of
observations will have a strong influence on the accuracy of empirical modeling results.

Process-based models

Process-based models simulate the main biophysical and biogeochemical processes in forests, using
equations that represent phenology and data describing environmental conditions. Process-based models
need a large amount of data related to forest environmental conditions, climatic variability, and soil
conditions (Landsberg and Waring 1997; Ojima et al. 1990; Thornton et al. 2005). Like empirical models,
process models require information about the domain of interest, such as stand age and forest type. Field
observations are always needed to evaluate models and to determine whether they are performing well
and the model inputs are proper, especially those parameters related to phenology. The extent to which
the simulated processes and the data informing these simulations capture the real-world behavior of the
ecosystem will determine the accuracy of process-modeling results.

Some models have both empirical and process characteristics and are considered hybrid models. In order
to make more-reliable projections of carbon exchanges between vegetation and the atmosphere, and to
determine the magnitude and direction of the response of forest ecosystems to global change, the
combination of both modeling approaches may be necessary, taking advantage of the strengths of each
(Luo et al. 2011; Stinson et al. 2011).

Commission for Environmental Cooperation 7



Integrated Modeling and Assessment of North American
Forest Carbon Dynamics

Models used in this study

In this study, we predominantly used two forest carbon dynamics models. The Carbon Budget Model of
the Canadian Forest Sector, version 3 (CBM-CFS3), and the Forest DeNitrification-DeComposition
model (DNDC). CBM-CFS3 is a hybrid model that uses empirical data (yield curves derived from forest
inventories) to represent tree growth and mortality, activity data on natural and human disturbances to
represent drivers of carbon stock changes, and process simulation to link the dynamics of dead organic
matter and soil carbon pools to the dynamics of biomass pools (Kurz and Apps 1999; Kurz et al. 2009).
The CBM-CFS3 uses forest inventories to describe the initial distribution of forest types and their ages.
The CBM-CFS3 primarily operates with spatially referenced (table-based) activity data, but it can and has
been used here to operate with spatially explicit (map-based) time series of activity data. The model
reports on the five required carbon pools, and reports results that include the transitions among the
UNFCCC land-use categories. The model operates in annual time steps, and runs relatively fast, which
enables the efficient analysis of multiple projected future scenarios and the exploration of mitigation
options.

DNDC is a spatially explicit process model simulating forest growth, carbon and nitrogen dynamics, and
emissions of trace gases, based on the balance of water, light, and nutrients in forest ecosystems (Li et al.
2000). It simulates forest growth, as well as the dynamics of dead organic matter and soil carbon, from
information on soil, plant, climate and environmental conditions. The model requires a very large amount
of input data about the ecosystem, the tree species, and soil information for five vertical layers, as well as
daily climate information. The model operates in daily time steps and therefore individual runs can take
many days to weeks, depending on the size of the landscape. While not practical to use such a model at
high spatial resolution for large geographic regions, we demonstrate in this study that the primary strength
of process-based models, once calibrated and validated, is their ability to generate estimates of biomass
carbon stocks that are in close agreement with observed values, and then use the model to simulate how
different kinds of disturbances have affected or may affect forest carbon stocks. Another use of process
models driven by climate and environmental variables (such as atmospheric CO, concentration) is their
ability to simulate ecosystem responses to future climate changes, which is also illustrated in this report.

2.5 IPCC guidelines for Tiers 1, 2, and 3

The IPCC methodological guidance has introduced three tiers, representing different approaches and
methodological complexity that allow countries to prepare GHG inventories according to their national
circumstances, such as available data, tools and expertise. Along with the concept of multiple tiers, the
IPCC recommends that the development of GHG inventories be a continuing improvement process, in
which uncertainties are identified, quantified and reduced as far as is practicable (IPCC 2003). Here we
present a brief overview of the main characteristics of the three tiers (IPCC 2006).

Tier 1 methods are designed to be the simplest to use by any country. They deploy simple methods and
default parameters provided by the IPCC. Many simplifying assumptions facilitate the development of
initial estimates. While it is recommended that country-specific activity data are used, global default
values (e.g., for carbon densities of different forest types) can be used when national data are missing.
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Tier 2 methods and assumptions are often similar to those of Tier 1 but will always be used with country-
or region-specific parameters, emission factors and activity data. Tier 2 methods use higher temporal and
spatial resolution activity data that are more disaggregated—for example, to represent a variety of forest

types.

Tier 3 methods typically include models and inventory systems tailored to national circumstances and
that integrate data from many sources, such as: forest inventory data collected at regular time intervals,
data from GIS-based systems, age data, forest productivity data, soils data, and land-use and management
activity data. For Tier 3 methods, the IPCC does not specify the details of how these are implemented but
provides guidelines for “good practice” in the development, testing and validation of the methods used,
(IPCC 2003, 2006, 2011, 2014a). While Tier 3 methods are more complex and expensive to implement,
they are expected to yield estimates with lower uncertainties.

2.6 Carbon cycle indicators and activity data

A variety of approaches exists to measure and monitor ecosystem carbon stocks and fluxes at different
spatial and temporal scales. It is therefore necessary to define the different components and indicators
included in the measurements. To facilitate communication and understanding, here we provide an
overview of terms and of components considered in the terrestrial carbon cycle (see Table 2.3).

Carbon stocks define the quantity of carbon in a pool, such as biomass, deadwood, litter or soil, and are
usually measured in units of megagrams per hectare (Mg ha), or grams per square meter (g m?). Carbon
fluxes are the transfers of carbon between pools, or between pools and the atmosphere or the forest
product sector. Fluxes (or transfers) are measured in units of megagrams per hectare per year (Mg ha™ yr
1) or grams per square meter per year (g m? yr'). One fundamental principle in developing carbon
budgets is the need for conservation of mass, which means that the sum of the fluxes that are reported
must be equal to the stock changes over the same time period.
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Table 2.3 Overview of indicators considered in the terrestrial carbon cycle

Indicator Description

GPP Gross primary production Carbon (C) uptake during plant photosynthesis

Respiration of primary producers

Ra AUtplrophic fespiratian (i.e., trees—Ileaves, stems, roots—released as CO? into the atmosphere)
NPP = GPP - Ra
NPP Net primary production Plant photosynthesis minus the autotrophic respiration of primary
producers—the sum of all organic matter produced
Rh Heterotrophic respiration Respiration of heterotrophic organisms (animals and microorganisms)

NEP = NPP — Rh

= JeL o e id e Net change in ecosystem C stocks prior to disturbances

Carbon (including CH*) losses from fires, harvest,
and land-use change (activity data)

NBP = NEP — DL
Net change in ecosystem C stocks

DL Disturbance losses

NBP Net biome production

-Ra=NPP NPP - Rh = NEP NEP - DL = NBP

Source: Based on Chapin et al. 2006; IPCC 2006; and Schulze and Heimann 1998.

Activity data

Estimates of GHG, inventories, and REDD+ require information about the rates at which natural and
human disturbances (DL in Table 2.3) affect the terrestrial carbon cycle. Such observations of the drivers
of terrestrial ecosystem change are referred to as activity data. Activity datasets can be map-based
(spatially explicit) or table-based (spatially referenced) summaries of observations of natural or human
disturbances, changes in forest area, or land conversions between categories. Since natural and
anthropogenic disturbances are one of the main drivers that alter the forest structure over time (Lorenz
and Lal 2010; Turner 1989), it is critical to characterize land-cover change observations and their agents
of change, to accurately quantify their impact on the forest carbon dynamics (Kurz 2010a; Spalding
2009).

2.7 UNFCCC land-use categories and transitions between them

To promote adequate, consistent, complete, and transparent data in order to estimate carbon fluxes and
GHG emissions, the IPCC has developed a set of guidelines to represent different land-use categories and
conversions between them (IPCC 2006) (Table 2.4).
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Table 2.4 Land-use categories

Land-use category Description

Forest land

FL

Includes all land with woody vegetation consistent with thresholds used to define FL in the national
greenhouse gas inventory.

Cropland

CL

Includes cropped land, including rice fields, and agro-forestry systems where the vegetation structure
falls below the thresholds used for the FL category.

Grassland

Wetland

GL

WL

Includes rangelands and pasture land that are not considered CL.

= systems with woody vegetation and other non-grass vegetation such as herbs and brushes that fall
below the threshold values used in FL

= grassland from wild lands to recreational areas, as well as agricultural and silvi-pastural systems,
consistent with national definitions

Includes areas of peat extraction and land that is covered or saturated by water for all or part of the
year (e.g., peatlands) that is not in the FL, CL, GL or SL.

= reservoirs as a managed sub-division and natural rivers and lakes as unmanaged sub-divisions

Settlement

Other land

SL
oL

Includes all developed land, including transportation infrastructure and human settlements of any size

Includes bare soil, rock, ice, and all land areas that do not fall into any of the other five categories

Source: IPCC 2006.

According to the IPCC (IPCC 2006), three approaches can be used to estimate activity data for the
guantification of GHG emissions and removals, which can be combined for different regions according to
the country circumstances:

1. Estimating total area of land categories, without quantifying changes among them.
2. Tracking land conversions between categories (e.g., land-cover change matrix).
3. Spatially explicit monitoring of changes in area or changes between categories, commonly via

satellite imagery.

Note that it is often necessary to subdivide these land-use categories in order to reduce uncertainty of
estimates or to facilitate reporting requirements. For example, “forest land” may be divided into forest
types, ecoregions, and/or administrative regions.

Categories of land-use conversion

- FLFL = forest land remaining as forest land

- GLGL = grassland remaining as grassland

- CLCL = cropland remaining as cropland

- WLWL = wetland remaining as wetland

- SLSL = settlement remaining as settlement

- OLOL = other land remaining as other land
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In addition, transitions between land-use categories are also possible, e.g., CLFL = cropland converted to
forest land, FLSL = forest land converted to settlement, and so on. The IPCC guidelines further define
that after 20 years, lands in a transition category transfer to the main reporting category. For example,
afforested cropland (CLFL) will transition to FLFL after 20 years, provided that no further land-use
change has occurred.

2.8 Estimating uncertainty and validating results

Two critical steps in providing quantitative estimates of carbon stocks and stock changes are to estimate
the uncertainty and to validate results. Although these steps usually require some substantial additional
effort, they are important for conveying a sense of accuracy to decision-makers, for assessing confidence
in monitoring and modeling that may be used to assign a value to carbon credits, for determining the best
ways to improve future estimates, and for quantifying gains from improvements.

Some common sources of uncertainty stem from natural variability, measurement errors, the use of
sampling statistics, lack of representativeness and model form, use of parameter estimates, and human
errors in data processing. It may be difficult or impossible to quantify and characterize completely all the
uncertainties, but measurement error and natural variability (sampling error) are the most rigorously
guantified in ecology (Lehrter and Cebrian 2010; Yanai et al. 2010).

It may be challenging to estimate uncertainty even for basic components of the forest carbon budget, such
as biomass stock (Wayson et al. 2014); nonetheless, the IPCC strongly encourages countries to pay
special attention to estimating uncertainties, including conducting a qualitative assessment of the
improvements that can be made in the estimation process, along with potential reductions in uncertainty
(IPCC 2000).

A few definitions are important to keep in mind because they may be improperly used. The following
definitions of a few common terms are adapted from IPCC (IPCC 2003, 2006):

e Uncertainty — A general and imprecise term which refers to the lack of certainty resulting from
any causal factor—such as an unidentified source or sink, lack of transparency, or lack of
knowledge of the true value of a variable—that can be described as a probability density function
(PDF) characterizing the range and likelihood of possible values. Uncertainty depends on the
analyst’s state of knowledge, which in turn depends on the quality and quantity of applicable data
as well as on knowledge of underlying processes and inference methods.

e Accuracy — Agreement between the true value and the average of repeated measured
observations or estimates of a variable. An accurate measurement or prediction lacks bias; that is,
it neither over- nor under-estimates the true value.

e Precision — Agreement among repeated measurements of the same variable. Better precision
means less random error. Precision is independent of accuracy.

The main approaches to estimating uncertainty for supporting monitoring, reporting and verification
(MRV) are described in Birdsey et al. (2013), and include expert opinion, classical, Monte Carlo, and
Bayesean methods. Error propagation of the individual component uncertainties is part of the process of
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estimating the overall uncertainty in an estimate, and can be done through statistical error propagation—
which is only possible if the error structure of the individual components is known—or through the use of
Monte Carlo analyses, whereby many model runs or repeat analyses are conducted, with input parameters
varied to represent the uncertainty in individual input data. The distribution of results from the repeated
model runs or analyses provides a measure of the uncertainty of the estimates (Yanai et al. 2010).

Validation is an important aspect of applying models and assessing their accuracy. Model validation
involves comparing the model results with an independent data set representing local conditions. The
independent data source is different from the data used to develop or parameterize the model. This step
can be very important, especially when the uncertainty analysis does not fully and explicitly account for
all of the sources of possible error, which is common when estimating forest carbon budgets because of
the many variables and combinations of approaches that are typically used. An example of a validation of
the CBM-CFS3 against a large number of completely independent ground plot measurements across
Canada was recently completed (Shaw et al. 2014). It demonstrated that overall bias was very low: the
model-derived estimate of total ecosystem carbon stocks was within 1% of the observed value but
accuracy decreased considerably when the results were examined by ecoregion, tree species or carbon
pool.
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3. Integrating Data from Multiple Sources into GHG Emissions and
Removal Estimates

W.A. Kurz, R.A. Birdsey, V.S. Mascorro, and M. Olguin

In the preceding sections, we outlined the approaches, key input data requirements, and the expected
outcomes of greenhouse gas estimation and reporting activities. Here we describe specific examples of
the integration of data from multiple sources into internally consistent estimates and time series of GHG
emissions and removals.

Central to the successful integration of data for the purpose of estimating GHG emissions and removals
are tools that provide a common and transparent framework to integrate data and information across space
and time (see Figure 3.1). These tools need to operate within a common spatial framework to ensure that
all relevant land areas are included, without gaps or overlaps.

Figure 3.1 Carbon dynamics model: Integrating data from multiple sources, using input requirements
of CBM-CFS3 as example
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3.1 Spatial framework

In terrestrial carbon budgets, the stocks and fluxes at the regional and national scale are the sum of the
stocks and fluxes at smaller spatial levels. Thus, national-scale estimates of forest GHG emissions and
removals can be calculated as the sum of entity-level, state-level or province-level stocks and fluxes,
which in turn are the sum of fluxes of the counties or management units within states or provinces, which
again are the sum of the estimates at the stand, polygon or pixel levels (Figure 3.2).
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Figure 3.2 Spatial hierarchy for estimation of terrestrial carbon dynamics
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Note: Areas in the hierarchy should provide complete, non-overlapping coverage. Depending on data availability,
either spatially explicit or spatially referenced approaches can be developed.

Spatially explicit approaches (see IPCC reporting method 2, IPCC 2003, 2006) identify the location of
every polygon (or pixel) in a landscape. In contrast, spatially referenced approaches (reporting method 1)
identify the geographic boundaries of land areas, such as management units, to which all data are
referenced. Thus, it is known that a spatial unit contains X ha of a particular forest type, but the exact
location of such forest within the spatial unit is unknown. Spatially referenced input data, such as rates of
firewood collection, or other activities that are not readily mapped, require rule-based information in
order to allocate these activities to the appropriate polygons (stands) or pixels.

Spatially explicit and spatially referenced approaches to the estimation of forest carbon dynamics have
different requirements for the type and volume of input data. In a spatially explicit approach, all required
data layers need to be provided in map form, using a common reference system. Pixel (grid) and vector-
based approaches are readily converted from one form to the other. In a spatially referenced approach,
spatial units are defined by their geographic boundaries and could be forest management units or other
administrative or ecological entities. All information about the forest, other land categories, and activity
data is summarized for each spatial unit. However, the location of each polygon or disturbance event
within the spatial unit is not known. Existing, spatially explicit information can be re-processed and
summarized into spatially referenced information, but the inverse is not possible. Therefore, spatially
referenced summary information about past (or projected future) disturbances, such as the number of
hectares burned per year and spatial unit, cannot be spatially-distributed to individual polygons or pixels
without additional information. A rule-based approach can be used to allocate the known disturbances to
the polygons in the forest inventory. Examples of such rule-based approaches include specifications of
which polygons are eligible for harvest, insect disturbances, or fire. Rules could be species- and age-
specific (harvest, insects) or they can be random (fire), provided that some minimum criteria of fuel load
have been met (see section 5.2).

National-scale spatial frameworks are typically based on the intersection of administrative boundaries
(Provinces or Territories in Canada, States in the US and Mexico) and ecological classification
(ecological regions of North America, CEC 1997; or country-specific forest type classifications). In
Canada, the National Forest Carbon Monitoring, Accounting and Reporting System (NFCMARS) (Kurz
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and Apps 2006; Stinson et al. 2011) includes 60 reconciliation units (intersection of administrative and
ecological boundaries), and over 600 spatial units defined by the boundaries of forest management units,
parks or other entities that are recognized as spatial units and for which forest inventory information is
compiled and spatially referenced to the geographic boundaries of these spatial units. For the work
conducted by this project in Mexico, we intersected the administrative boundaries of 32 states with the
ecological boundaries of terrestrial ecological zones level | (CEC 1997) to obtain a total of 94 spatial
units (see Figure 7.1). Greenhouse gas inventory statistics in the US are developed and reported by state
boundaries, forest types, and ownership categories, such as federal, state, and private (US EPA 2014).
Spatially explicit estimates are developed for specific projects, such as a silvicultural treatment of a
particular area in a national forest, or a project that participates in a greenhouse gas registry such as the
Climate Action Reserve in California (Climate Action Reserve 2013).

In this study, we demonstrate the use of IPCC Tier 3 methods that use carbon budget models to integrate
data from a variety of sources, and apply these models to three selected regions: the Yucatan Peninsula
(YP) in Mexico, the Nez Perce—Clearwater National Forest (NP) in Idaho, US, and the Prince George
region (PG) of British Columbia, Canada (see Figure 3.3).
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Figure 3.3 Selected regions for this study: The Yucatan Peninsula in Mexico, the Nez Perce-Clearwater
National Forest in Idaho, US, and the Prince George region of British Columbia, Canada
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3.2 Initial forest conditions (forest area, by stratum, forest age)

Both the stock change and gain-loss methods for estimating GHG emissions and removals in forests
require an initial forest inventory. The model used to conduct the analyses determines the input data
requirements. For the CBM-CFS3, the analysis area is first stratified into spatial units (see previous
section), and within each spatial unit the forests are further stratified using a set of up to 10 classifiers
defined by the user. These classifiers typically include forest type, leading species, site productivity class,
and other categories required to select the appropriate yield curve (see next section). Other classifiers can
be used to refine rules for the allocation of disturbances, such as whether or not land is eligible for timber
harvest (managed, parks, private) or for reporting purposes (ownership, county). Conceptually similar
stratifications are used in the US or are being developed for use in Mexico.

Stand-level carbon dynamics are strongly affected by the time since last disturbance. In even-aged forests
that regrow following a stand-replacing disturbance such as harvest or fire, growth curves can define
biomass increment over time (see next section). In uneven-aged stands, the relationships between forest
growth and stand age are less well defined, but disturbances and post-disturbance recovery do affect
carbon dynamics of different carbon pools in similar ways. Therefore, time since last disturbance, and
where available, type of last disturbance, are important data in support of forest carbon modeling.

Developing maps (or tabular information) on the distribution of forest ages and disturbance types
(including uneven-aged stands) for the analysis area can be challenging. Forest carbon dynamics at the
landscape scale are particularly sensitive to the assumptions about recent disturbances, because of the
large changes in ecosystem carbon fluxes in the initial years after disturbance. Maps of stand-age
distributions can be generated using air-photo interpretation, satellite-derived time series of recent stand-
replacing disturbances, or other statistics (e.g., hurricane tracks or harvesting statistics; see Pan et al.
2011Db). An alternative approach is to derive stand age (or time since disturbance) estimates from biomass
estimates, and to estimate, using yield curves, the time required to reach the observed biomass. However,
in regions with forest degradation or non-stand-replacing disturbances, a low biomass can be associated
with a young stand or an older but degraded or disturbed stand. Because a young regrowing stand and an
older degraded stand can have very different stand-level carbon dynamics, uncertainties in GHG estimates
can result from uncertainties in stand-age distributions.

In some cases the available forest inventory does not coincide with the intended start year of the carbon
budget analysis. If the start year is prior to the year of the inventory, it is possible to “roll back” the
inventory to the start of the simulation. For example, if the available inventory is for 2003, but the
analysis is supposed to start in the year 2000, then it is possible to decrease the age of all stands by three
years. Stands that are assigned negative ages require special treatment, because these have been subject to
a stand-replacing disturbance during the rollback period. Assumptions or auxiliary information will be
required to determine the year and type of disturbance, as well as the stand conditions prior to the
disturbance. After inventory rollback, the simulation can start in the year 2000, using the information on
stand-replacing disturbances between 2000 and 2003 to simulate forward to the year 2003. A comparison
of the initial inventory for 2003 against the 2003 inventory obtained after rollback to 2000 and forward
simulation to 2003 can be used to verify that the rollback process did not materially alter the 2003
inventory conditions.
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3.3 Biomass dynamics, growth rates, and productivity

Live biomass is typically the most dynamic of forest carbon pools (Figure 3.4) and so it is critical to have
accurate and precise estimates of rates of biomass change for the representative strata described in the
previous section. A significant effort may be required to develop estimates of biomass dynamics that are
specific for the area of interest, since the data requirements may be large and the available data within the
area of interest may be limited to variables that are related to live biomass, such as volume or basal area.
In such cases, equations that relate biomass to these data may be used but the availability of equations for
the specific area of interest is often limited. Because age and time since disturbance are key factors that
determine biomass and are usually part of the stratification, data on biomass dynamics are usually
compiled as growth curves or yield curves, and these curves are then used as input to empirical carbon
budget models. Process models often require similar information to validate the predictions of biomass
growth rates derived from environmental and other variables.

Figure 3.4 Carbon dynamics for different carbon pools after insect, fire, and clear-cut disturbance
events
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Prince George - Fire-initiated Lodgepole Pine Stand
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CBM-CFS3 accepts volume estimates by age classes, and then uses a series of stand-level volume-to-
biomass equations (Boudewyn et al. 2007) to convert volume to aboveground biomass components (Kurz
et al. 2009). These conversion factors can be calibrated to the area of interest. Belowground biomass of
fine and coarse roots is predicted from empirical regression equations stratified for softwood and
hardwood species (Li et al. 2003). Stand-level volume and biomass estimates are derived from tree-level
measurements of diameter and/or height. Species-specific biomass equations are then used to predict tree-
level biomass. Hybrid approaches are also possible. For example, in the US forest inventory, biomass is
estimated for individual sample trees by converting volume to biomass and then using biomass equations
to account for the biomass of tree components (such as branches) that are not represented by the volume
estimate (Chojnacky 2012).
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Sources of data for generating growth or yield curves are typically from forest inventories, intensive
monitoring sites, or special studies such as measurements on a chronosequence of time since disturbance.
The data are partitioned according to the determined stratification, and then a statistical procedure such as
regression analysis is used to develop a relationship between the variable of interest (volume or biomass)
and age or time since disturbance. In practice, a library of such curves will be needed to estimate the
carbon dynamics of different strata in the inventory. In the CBM-CFS3, such libraries can be simple and
contain only a small number of curves for few forest strata or they can contain thousands of curves to
represent large and ecologically complex landscapes.

It may be difficult to determine the age of a sample plot in tropical or subtropical areas such as found in
Mexico, where trees do not exhibit distinct growth rings, and disturbances are not typically “stand-
replacing” but may affect only a portion of the trees. In such cases, yield curves can still be used to
characterize the increment in volume or biomass. However, conceptually, “age” then becomes the pointer
to the current stand volume (or biomass) on the growth curve. “Age” or time since disturbance can be
assigned by comparing the observed stand biomass or volume with an expected value on a yield curve.
One problem that can arise from this approach is that a low biomass stand can either be a young stand or
an older stand that has been subject to a partial disturbance or degradation event. Auxiliary data (such as
tree diameter distributions, stand density, or disturbance history) can sometimes be used to distinguish
young stands from disturbed stands. Ideally, plot measurements should be available to quantify growth
rates of young and of disturbed stands to determine whether they need to be assigned different yield
curves. Data on post-disturbance recovery are, however, rarely available for all of the types and intensities
of disturbances for the different forest types.

3.4 Dead organic matter and soil dynamics

The carbon dynamics of dead organic matter and soil are significant following ecosystem disturbance,
though it is often the case that the size of these carbon pools and their magnitude of change are not as
great as those of biomass (Figure 3.4), with important exceptions for carbon-rich soils such as found in
peatlands, and for high-biomass forests that experience severe disturbances after which deadwood is not
removed. Data about dead organic matter and soils are almost always less available than data for live
biomass; therefore, approaches to estimation tend to rely more heavily on modeling than on empirical
data analysis.

The IPCC guidelines suggest that the representation of dead organic matter and soil carbon dynamics be
closely linked to the dynamics of the biomass pools. For example, models that simulate the transfer of
biomass to dead organic matter pools during windthrow or during insect outbreaks that kill trees may be
better able to capture carbon dynamics than empirical relationships that predict dead organic matter pools
as a function of the size of the biomass pools or other inventory information but without consideration of
disturbance history. Moreover, by explicitly accounting for the transfer of biomass to dead organic matter
pools associated with disturbances, conservation of carbon mass can be ensured. Unfortunately for the
soil carbon pool, these transfers are difficult to measure or model.
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In the absence of inventory or ground measurements of dead organic matter and soil carbon stocks, the
initialization of these carbon pools can be challenging. The CBM-CFS3 uses a spin-up procedure that
takes into consideration climate, tree productivity, decay rates and historic disturbances, and the type of
and time since the last stand-replacing disturbance, to initialize dead organic matter pools. In Canadian
forest ecosystems this approach works reasonably well in many ecosystems (Shaw et al. 2014) but not in
ecosystems where mosses contribute substantially to the organic layer carbon stocks (Bona et al. 2013).
Mosses are currently only included in a research version of the CBM-CFS3. Process models such as
DNDC also make use of spin-up procedures to initialize the different carbon pools.

Initialization of dead organic matter and soil carbon pools can also be challenging in ecosystems with a
long or intensive history of human land-use. Long periods of land use may affect soil carbon stocks, and
whenever possible, the results of model initialization should be compared against ground plot
measurements.

3.5 Activity data (primary drivers between the three countries and within
countries)

Almost all forests are recovering from past human and natural disturbances. Forest disturbances
profoundly affect carbon stocks and fluxes in forest ecosystems for decades, yet it has been a challenge to
assess disturbance impacts in estimates of forest carbon budgets over landscapes or regions. Forest
inventories can be used to generate tables of age-class distributions of forest types in different regions and
such information has been used to simulate the carbon dynamics of Canadian forests (Kurz and Apps
1999; Stinson et al. 2011) and US Forests (Heath et al. 2011; Smith et al. 2007). Maps of forest age (or
time since disturbance) are effective ways to summarize the status of forest recovery and can be used
along with data about how different carbon pools change over time to assess carbon dynamics and project
future trends. Pan et al. (2011b) compiled the first continental-scale forest age map of Canada and the US
(Figure 3.5), by combining forest inventory data, historical fire data, optical satellite data and the dataset
from NASA’s Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS) project for the
US (Masek et al. 2008), and showed how such information can be used with inventory data to analyze
carbon management opportunities. The age map for the US became a key input to several advanced
analyses of forest carbon dynamics and the effects of main drivers (Lu et al. 2015; Zhang et al. 2012). By
combining geographic information about forest age with estimated carbon dynamics, by forest type, it is
possible to conduct a simple but powerful analysis of the net CO, uptake by forests, and the potential for
increasing (or decreasing) this rate as a result of manipulating forest age class distributions through
management activities.
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Figure 3.5 Stand age of forests of North America
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Canada, US, and Mexico have different disturbance histories and outlooks for future disturbances and
impacts, related to land management, climate variability and change, and other factors. Table 3.1
summarizes the area of forests recently affected by selected disturbances in Canada, US, and Mexico. The
estimates reveal that almost 19 million ha, or 2.6%, of the forest area of North America is affected by
some level of disturbance each year. Insects damage the largest area, followed by tree harvesting for
wood products, wildfire and deforestation. The impacts of disturbance types vary greatly, with
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deforestation resulting in complete removal of forests and conversion to other non—forest land uses. In
contrast, the impact in areas affected by insects can range from growth reduction and small amounts of
mortality to high levels of tree mortality (Kurz et al. 2008).

Table 3.1 Area of forest (1000 ha yr) affected by recent disturbances (during ~2000-2008) for
countries of North America

Type of disturbance: Canada United States Mexico Total

Harvesting — clearcut’ 878 1,721 n/a 2,599
Harvesting — partial cut' 90 2,658 780 3,528
Deforestation’ 45 355 228 967
Degradation? n/a n/a 411 411
Wildfire? 1,980 1,352 270 3,602
Insects* 5,337 2,744 38 8,119
Wind n/a n/a n/a n/a
Total of disturhances 8,330 8,830 1,727 18,887
Total forest area (revised)* 348,000 310,084 69,600 727,684
Percent of forest area disturbed annually 2.4 2.8 2.5 2.6

Note: n/a = not applicable.Sources:

'Masek et al. 2011, with De Jong et al. (2010) for Mexico.’Masek et al. 2011.

?Kasischke et al. 2011 for Canada and Mexico; US EPA 2010 for US.

3USFS 2010 for US—includes areas of mortality only, excludes defoliation without mortality. Stinson et al. 2011 for
Canada—includes areas of mortality and defoliation, for managed forest area only. FAO 2010 for Mexico.

*Natural Resources Canada 2014; Oswalt et al. 2014; De Jong et al. 2010.

The three countries have different disturbance profiles, especially with respect to the relative influence of
direct human and natural factors (Figure 3.6). The main forest disturbances of Canada include insects,
wildfire, and harvesting. Areas affected by insects in Canada increased significantly after 2000 (Kurz et
al. 2008; Stinson et al. 2011), and now are the largest area of any disturbance type in North America. The
area of wildfire has been decreasing in the last decade (Stinson et al. 2011). Harvesting in Canada
increased between 1990 and 2005, after which the area harvested declined significantly during the global
economic crises (National Forestry Database, <http://nfdp.ccfm.org/data/graphs/graph_21 a_e.php>). In
Canada less than 0.02% of the forest area is affected by deforestation (45 kha yr™) (Environment Canada
2015).

In the US, the main forest disturbances include harvesting (including deforestation), insects, and wildfire.
Historically, harvesting has been the most significant disturbance to forests of the US. Timber production
has been relatively stable for about two decades, and more area is partially harvested than clearcut (Table
3.1). Areas damaged by fire and by insects have been increasing, though, on average, each is still less
than the area harvested (Table 3.1). The area of deforestation has been significant (Table 3.1), though the
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loss of forest area is not noticeable in estimates of total forest area because afforestation has affected an
even larger area, resulting in a net increase in forest area in recent decades (Smith et al. 2009).

The main disturbances of Mexico’s forests include harvesting, deforestation, forest degradation, and
wildfire, with partial-cut harvesting the largest among these. Data on timber production in Mexico suggest
an overall 50% reduction in harvest from 1986 to 2004 (Masek et al. 2011). Estimated areas of
deforestation and forest degradation in Mexico have varied widely, with example estimates of 228 kha yr
and 411 kha yr™, respectively, used in Table 3.1. Trends in area affected by wildfire are not known but
generally affect less than half of the area marked by other disturbances.

Figure 3.6 Percentage of total area of disturbed land per year, in Canada, US and Mexico
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Note: General types of disturbances (not including indirect human-induced disturbances).

3.6 Impacts of disturbances and post-disturbance dynamics

Depending on their severity, forest disturbances can have a minor and non-stand-replacing impact, or a
stand-replacing impact. Stand-replacing disturbances generally result in severe alteration to the forest
structure, killing all or most of the trees in the stand, and bringing the forest back to the initiation stage.
Following this, the forest becomes a net carbon source for a period until the removals from the regrowing
vegetation exceed the emissions from decomposition of dead organic matter, and soil organic carbon and
NEP returns to positive values. The time to reach this compensation point depends on the type and
severity of the disturbance impact; the degree and speed of regrowth; stand density; as well as
decomposition and regeneration rates (see Figure 3.7).

Commission for Environmental Cooperation 25



Integrated Modeling and Assessment of North American
Forest Carbon Dynamics

Figure 3.7 Generalized schematic of the dynamics of stand-level net primary production (NPP),
heterotrophic respiration (Rh), and their net balance, net ecosystem production (NEP), following a fire
disturbance
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Source: Kurz et al. 2013.
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Non-stand-replacing or minor disturbances (e.g., low-intensity fires, low-level insect or disease
infestations, or selective logging) affect forested landscapes at a finer spatial scale, damaging or Killing
individual trees or small groups of trees, or in the case of firewood collection, removing carbon from both
live and dead organic matter pools such as downed wood. Non-stand-replacing disturbances reduce the
overall forest productivity and thus carbon uptake; however, they result in a smaller proportion of the
ecosystem’s carbon being returned into the atmosphere compared to stand-replacing events, and the
existing forest often remains a carbon sink in the years following such disturbances unless there are many
repeat disturbance events, such as annual insect mortality or illegal timber harvesting.

Following a disturbance, regenerating forests typically experience a period of rapid growth during which
they remove large quantities of CO, from the atmosphere through photosynthesis, whereas in old forests
the overall uptake of CO, has typically slowed because ecosystem losses through respiration have become
high enough to offset carbon uptake through photosynthesis. The buildup of carbon in dead organic
matter pools that is common after most disturbances will be gradually released through decomposition
over a period of a few years to decades, depending on the climatic conditions, on whether deadwood is
standing or down, and on the size of dead trees or branches.

To better quantify the disturbance impact on the different carbon pools, we need to know what, when,
how and where the disturbance occurred. As each disturbance type affects the landscape in a unique way,
knowledge of the type, location, and extent of disturbances, ideally with annual statistics, can improve the
characterization of disturbance impacts and post-disturbance carbon dynamics.

The impacts of disturbances on the amount, composition and distribution of carbon in the ecosystem can
be characterized by a disturbance matrix (DM) (Kurz et al. 1992) or a set of equations (Raymond et al.
2015). For each disturbance type and intensity, the DM or equations define the proportion of carbon in
each pool that will remain in that pool, be transferred to another pool, released to the atmosphere, and
transferred to the forest product sector as a result of the disturbance. For example, clear-cut harvest will
transfer merchantable-size trees to the forest-product sector and leave behind slash and dead roots. In
contrast, a crownfire may consume foliage and forest floor carbon, release large amounts of carbon to the
atmosphere as CO, and methane, as well as kill most trees.

Post-disturbance carbon dynamics of dead organic matter pools can be estimated by direct measurement
(Domke et al. 2013) or by simulating decomposition losses and additions to dead organic matter pools
from the regrowing stand, or fall rates of dead standing trees (e.g., after a wildfire), using empirical or
process models (Russell et al. 2015).

Regeneration of stands following disturbance can be represented using empirical yield curves or process
simulation. In some cases, disturbances affect succession, and after the disturbance event new forest types
Or Species grow.

Tier 2 methods rely on “emissions factors” to quantify the release of carbon resulting from disturbances
and to quantify the carbon uptake from forest regrowth. Emission factors assume constant (linear) rates of
change and represent a simplification of the complex non-linear carbon dynamics during and following
disturbances. Where data are available to quantify disturbance impacts and post-disturbance regrowth,
Tier 3 models of carbon dynamics are a substantial improvement over the simplified emission factor
assumptions used in Tier 2 approaches.
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3.7 Integration

In previous sections we have outlined the stand- and landscape-level drivers of change and how the
information on carbon dynamics of individual stands can be calculated and summarized as tables of
coefficients, emissions factors, or yield curves. Figure 3.8 shows an example of different stand-level
carbon dynamics based on forest inventory information, disturbances (activity data) and information
about forest growth and mortality (defined in yield curves). Conceptually, every stand in a landscape can
be represented by one (or more) records in the model database and refer to a group of stands with similar
conditions (spatially referenced) or to a polygon or pixel that can be mapped. Once the carbon dynamics
of individual stands (pixels) are known, the carbon dynamics of a region can be estimated as the sum of
the carbon dynamics in individual stands (Figure 3.9).
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Figure 3.8 Simplified examples of two forest stands that experience different carbon dynamics due to
different patterns of disturbance, growth, and dead organic matter (DOM) decomposition
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Commission for Environmental Cooperation 29



Integrated Modeling and Assessment of North American
Forest Carbon Dynamics

Figure 3.9 Example of a hypothetical landscape, with multiple pixels and carbon dynamics for
individual pixels

.

Note: The carbon dynamics are summed up by the model into dynamics at the landscape scale, with each stand
experiencing different dynamics owing to different patterns of disturbance, growth, and dead organic matter
decomposition. The squares within the grid represent individual stands, the ones highlighted in bold represent
particular stands for which the carbon dynamics are being illustrated, and the rectangles pointing to those individual
stands depict variation in carbon per hectare over time (as in Figure 3.8). Large landscapes can experience
significant spatiotemporal variation in GHG emissions and removals, and therefore carbon budget simulations
require detailed information about the types, timing, and impact of individual disturbances at specific locations.
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4. Approaches to Generating Land-Cover and Land-Cover-Change
Data

R. R. Colditz,R. Llamas, S. Gebhardt, T. Wehrmann, J. Equihua, R. Ressl, and M. Schmidt

This chapter qualitatively and quantitatively explores data sets of different spatial and temporal scales and
compares selected change detection methodologies. A test site on the Yucatan Peninsula was selected,
namely the area of Landsat 5TM and 7ETM" path-row 020-046 (World Reference System, WRS2) which
covers the western side of the northern Yucatan Peninsula south of the City of Merida (see Figure 3.3 in
Section 3). The study site has an area of 31,746.7 km?. This section discusses four main issues that affect
change detection: legends and translations of land cover maps; the spatial resolution of the input data,
including levels of map generalization; temporal data availability; and selected methods for change
detection.

4.1 Legends, translations and land cover maps

Figure 4.1 illustrates the difficulties of land-cover mapping, using data sets for circa 2005. For visual
purposes, all maps were recoded to the NALCMS (North American Land Change Monitoring System)
legend. In Figure 4.1, (a) and (b) depict two interpretations of the INEGI Series 1l vegetation map for the
NALCMS and MAD-MEX (Monitoring Activity Data for the Mexican REDD+ Program) projects
(Gebhardt et al. 2014). The maps (c) and (d) show the land cover maps classified from MODIS for
NALCMS and Landsat for MAD-MEX for the year 2005. There are notable differences—for instance,
using INEGI’s series Il vegetation map generalized to the NALCMS classification scheme (Figure 4.1a),
the study area is dominated by the following land cover classes: Tropical or subtropical broadleaf
evergreen forest (36.1%), Tropical or subtropical broadleaf deciduous forest (23.2%), Tropical or
subtropical shrubland (23.6%), and Cropland (11.3%). In the NALCMS 2005 land cover map from
MODIS (Figure 4.1c), the areas categorized Tropical or subtropical broadleaf evergreen forest increased
by 11%, mostly at the expense of Tropical or subtropical broadleaf deciduous forest, and the area of
Cropland doubled, diminishing the area of Tropical or subtropical shrubland. The recode of the INEGI
vegetation map to MAD-MEX (Figure 4.1b) results in a completely different spatial pattern with a more
than three-times higher proportion of Tropical or subtropical broadleaf deciduous forest (77.25%), and
there is no Tropical or subtropical shrubland. The reason for that dramatic difference in baseline maps is
that NALCMS considers semi-deciduous forests as evergreen, whereas they are classed deciduous in
MAD-MEX, and the successional stage of shrubby forests was translated from tropical forests, in MAD-
MEX, to shrubland.

MAD-MEX maps from Landsat (e.g., Figure 4.1d) appear to have a closer match with their baseline from
INEGI; minor confusions exist between Cropland and Tropical or subtropical grassland. The striped
patterns at the edge of the map are the result of fewer available data of Landsat 7ETM+ due to scan-line
errors in imagery past May 2003. The reasonable match for MAD-MEX is due to a translation of not-
specified “Secondary vegetation”—shown in black in Figure 4.1d, mainly in the northeastern quadrant
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and central-western area—as Tropical or subtropical broadleaf deciduous forest. A translation to Tropical
or subtropical broadleaf evergreen forest would have resulted in a 21% difference.

A similar exercise aggregating all maps to the 6-class IPCC legend results in the spatial distributions of
Figure 4.1e—g. The reduced number of classes, in particular aggregated forest classes, results in a much
higher agreement of maps. Still, there are differences, which in some cases may depend on the actual
translation of classes. For instance, whether managed grasslands are considered grassland or cropland
may depend on the particular translation. The overestimated cropland area in NALCMS (which in the
original data included grasslands used for grazing) is still reflected in the final maps.

In summary, there is a need for consistent land-cover definitions, as translations from individual sources
may lead to very different maps. Changes to the initial state of land cover will affect estimates of carbon
stocks and emission. It should be noted that although protocols for land cover harmonization exist, e.g.,
the FAO land cover classification system (LCCS) (Di Gregorio 2005), there remains a lot of room for
interpretation of what specific land cover classes may mean and how they should be assimilated into a
carbon measurement, reporting and verification system.
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Figure 4.1 Land cover maps for selected site in Yucatan Peninsula

INEGI MADMEX
b TN . )

N

MADMEX

NALCMS legend

Note: Only NALCMS classes that exist in this area are shown.

B Tropical or subtropical broadleaf evergreeen forest

B Tropical or subtropical broadleaf deciduous forest IPCC legend
= Trop!cal orsubtrop!calshrubland EE Forest
3 Tropical or subtropical grassland &3 Agriculture
= Wetland 3 Grassland
B Cropland B Wetland
Barren land mm  Settlement
B Urban and built-up Other land
mm  Water

M Secondary vegetation (MADMEX)

Sources: These are maps or translation (recodes to the NALCMS and IPCC legend) of maps we have generated in

Conabio. For institutional abbreviations see list of acronyms.
There are three base-line maps:

YINEGI Vegetation map: INEGI (2005). Conjunto de datos vectoriales de la carta de uso del suelo y vegetacion,
Escala 1:250,000, Serie 111 (CONTINUO NACIONAL). Instituto Nacional de Estadistica y Geografia—INEGI. :

Aguascalientes, Ags., México.

“NALCMS: Land cover map of the North American Continent for the year 2005.

*MAD-MEX: Land cover maps of Mexico for the year 2005.

Commission for Environmental Cooperation

33



Integrated Modeling and Assessment of North American
Forest Carbon Dynamics

4.2 Spatial issues

The spatial resolution of remote sensing data is a primary criterion for their use in applied studies. Figure
4.2 illustrates the resolution of data from three different sensors commonly used for forest carbon
monitoring: RapidEye resampled to 5m (nominally 6.5 m at the sensor), Landsat with 30 m, and MODIS
with 250 m. Most desirable is a higher spatial resolution; however, this comes at the expense of a less
frequent area coverage (see next section), which may limit mapping and, in particular, change detection.

The pixel size may affect what can be detected in a land-cover or change map, as a continuous image is
transformed to a discrete set of classes assigned to each pixel. The general assumption is that the
characteristic with the largest area proportion in the pixel will be assigned as class; however, this may be
modified by the particular algorithm. For change detection, algorithms may be adjusted to minimize
omission or commission errors (Olofsson et al. 2014)—that is, to report all potential changes or to only
report changes which are highly certain.

Figure 4.2 Spatial resolution and minimum mapping units for selected sensor data

RapidEye: 5m [J
Landsat: 30m

MODIS: 250m

MMU Landsat land cover: 2.25ha

MMU Landsat change: 1ha

MMU RapidEye
land cover: 0.5ha

MMU
RapidEye
change:
0.25ha

Note: Rapid Eye, MODIS and Landsat are satellite monitoring systems. MMU = minimum mapping unit; m =
meters; ha = hectares.
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In addition to spatial resolution, another often-overlooked aspect is the level of generalization at which
maps are provided to the user community. For instance vector data are provided for certain scales—e.g.,
INEGI vegetation map at 1:250,000—which clearly limits the spatial detail of the data set, as only larger
spatial features can be represented. For raster maps a minimum mapping unit (MMU) is applied, which
indicates the smallest area of connected pixels of the same class retained in the map, that area being also
known as a patch or region. Most land cover maps are generalized; for example, the European Union’s
Corine land-cover dataset only depicts polygons of at least 25 ha in area (Feranec et al. 2010), and the
National Land Cover Database (NLCD) of the US contains a class-specific MMU, with 0.45 ha for urban,
2.88 ha for pasture and cropland, and 1.08 ha for all other classes (Fry et al. 2011).

Figure 4.2 shows 4 MMUs which are applied to RapidEye and Landsat data for forest carbon mapping in
Mexico; the MMU for NALCMS MODIS maps is 25 ha (4 connected MODIS pixels of 250m spatial
resolution, or four times the area of the blue box in Figure 4.2). MMUs for change are generally smaller
than MMUs for land-cover mapping for instance circa lha (11 pixels) for Landsat, and 0.25ha (100
pixels) for RapidEye (Figure 4.2). The shape of the patch may have any form (not necessarily square as
shown here) with the smallest instance being the resolution of the pixel.

Although these differences cannot be observed from a distance, the local modifications have an effect on
area statistics and thus on change detection. In general terms, classes that form large patches, which
usually also have the higher area proportions, will gain in area at the expense of classes with generally
smaller area proportions and scattered patches of smaller size (Blanco et al. 2013; Fisher 2010).

4.3 Temporal issues

Data availability is a key issue for change detection, and even more so for forest carbon monitoring, for
which the year, and in some cases the approximate day of change, plays an important role. From the
remote sensing point of view there are three considerations: availability of historical data, data continuity
in the future, and intervals between image acquisition.

Availability of historical data is important for monitoring forest recovery over longer time periods. The
need for historic data is also related to policy or reporting requirements. For example, UNFCCC reporting
of GHG emissions and removals starts in 1990, and activity data thus are needed starting in that year.
Therefore many more-recent sensor systems (e.g., RapidEye) are not able to provide these activity data
for the entire reporting period. However, they can play a role in mapping the recent and future changes,
because the data quality is better and the spatial resolution is higher. An effective assessment of past
changes can only be accomplished by taking the long-term records of the 30-m Landsat TM/ETM+ data
(from 1982) and extrapolating them back to 1972 by using the data from the limited coverage of the 60-m
Landsat MSS; or by taking the 250-m MODIS data (from 2000) and extrapolating them back to 1981 with
various 1-km 4-km, 8-km or 0.05° products derived from NOAA-AVHRR.

Data continuity is at least as critical as historic data availability as sensor calibration or inter-calibration is
still a challenging field in remote sensing science. Some satellites, like the NOAA-AVHRR series,
underwent considerable relative and absolute (inter-)calibration campaigns but in some cases still exhibit
minor variations not related to reality. Integrating data from different sensor systems that have different
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spatial and spectral resolutions, which have an effect on what changes may be detected, is even more
complicated. Processing systems need to be carefully designed, robust and invariant to changes in the data
stream, otherwise observed changes may merely show the alterations in data sets and not in activities on
the ground. Data continuity is assured for all historical sensor systems like Landsat (today with Landsat
8’s Operational Land Imager) as well as AVHRR/MODIS (today S-NPP and JPSS in the future). The
European Space Agency Sentinel satellites, in particular optical systems of Sentinel 11A/B and 111 will
complement and play a major role by providing new products in the near future. Several commercial
satellite data providers also ensure longer-term data availability but are more focused on exploring new
applications and markets, which sometimes hinders continuity of spectral bands for long-term data
streams.

The interval between image acquisitions and the capacity to obtain wall-to-wall coverage for a large study
area is an important criterion for selecting data from a specific satellite. Pointability, which focuses the
satellite to a specific area off-nadir, is important for reducing the risk of obtaining cloudy imagery and
helps to obtain frequent coverage, which can be augmented even more by satellite fleets such as
RapidEye, but pointability limits frequent wall-to-wall coverage. Therefore nadir-looking instruments
become useful, as they ensure consistent area coverage at defined intervals, e.g., Landsat every 16 days.
At higher latitudes, paths start to converge significantly and pixels of neighboring paths may be used to
build a denser time series for overlapping areas (Griffiths et al. 2013; Roy et al. 2010).

However, not all Landsat data were actually acquired, stored or made available to the public. Figure 4.3a
shows image data availability of Landsat 5STM/7ETM+ over Mexico, with less than 10% cloud cover,
according to image metadata for the year 2000. There is a significant gradient from North to South
because in tropical regions fewer images are available in general and cloud cover is more frequent.

Focusing on Landsat path-row 020-046 (black circle), Figure 4.3c shows the annual image data
availability, independent from cloud cover, for the period 1 January 1985 to 31 December 2013. It can be
noted that only in some years was the maximum availability achieved, and that the average availability
was 36.7% for Landsat 5TM (1985-2011) and 63.9% for Landsat 7TETM+ (2000-2013). Noticeable are
data gaps for Landsat 5TM during 1988-1991, when Landsat 4TM images were acquired, and 2002—
2008, due to a discontinuation of Landsat 5TM data acquisition for southern Mexico.

However, the data availability at pixel level is much lower, due to clouds, haze, sensor problems, etc.
Figure 4.3b shows the percentage of invalid pixels as defined by FMASK (Zhu and Woodcock 2012) for
all 434 available images of Landsat 5TM and 7TETM+. At least 40% of all images show invalid data. The
number of invalid data increases toward the edge of the image mainly because of the scan-line error in
Landsat 7 data. However, there is also a regional difference in the study area, with the eastern side and
mainly the southeastern quadrant having fewer available pixels due to cloud and shadow issues.
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Figure 4.3 Availability of images over Mexico in 2000, distribution of invalid data, and availability of
images during 1985 to 2013
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2000. b) Spatial distribution of invalid data according to FMASK, from available images in path-row 020-046 (black
circle), in percent. ¢) Availability of Landsat 5TM and ETM+ images for path row 020-046 from 1985 to 2013.

For the sake of comparison, Figure 4.4 shows results from 250 m spatial resolution 16-day MODIS NDVI
data for Mexico (MOD13Q1 from 1 January 2000 to 31 December 2014), which are based on daily
MODIS image acquisitions. The MODIS product quality layer was used and pixels with good and
acceptable quality, no clouds, no shadow and no snow/ice, as well as good or marginal reliability were
included. Figure 4.4a shows the expected spatial pattern for invalid pixels, with more invalid data toward
the South, along the coast, and in mountainous regions. Particularly noticeable is the gradient of less valid
data in the eastern Yucatan Peninsula; where upward of 50% of observations were invalid. Temporally
there are fewer valid data during the rainy season in summer (Figure 4.4b). The number of invalid
observations, however, is only one part of temporal analysis. Frequent but short temporal gaps are easier
to close by interpolation than are long data gaps. The length of the longest data gap indicates the worst-
case scenario. Figure 4.4c indicates that in the entire country the shortest data gap was three composites,
one composite corresponding to 16 days, because of the missing first three composites at the beginning of
the year 2000. The longest data gaps occurred in southeastern Yucatan, where there were prolonged
periods of no data during half a year.
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Figure 4.4 Analysis of MODIS Terra NDVI composites (MOD13Q1) for Mexico, 2000-2014
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4.4 Change detection algorithms

The success of implementing a change detection method depends on several factors (Kennedy et al.
2009), such as:

e available resources,
time for completing the study,

image availability,

access to ground observations,

access to ancillary data,

availability of and experience with change detection algorithms,
area of expertise, and

intended use of the product, etc.
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Moreover, one needs to define “what is change,” as many aspects from the above list depend on this
definition (Coppin et al. 2004; Mayaux et al. 2008):

e Change may be the conversion of land cover to another class (forest clear-cut) or the modification
of that class (e.g., forest thinning).

e Change may be abrupt (forest fire) or a gradual process over many years (e.g., bush
encroachment).

e Change may be reversible in a short or medium-length time (e.g., forest regrowth) or permanent
for many decades (e.qg., reservoir).

Many well-explored change detection algorithms (for reviews, see Coppin et al. 2004 and Lu et al. 2004)
can be applied to remotely sensed data. Post-classification may be the most widely known approach: the
analyst generates independent maps for different points in time and then calculates the difference between
those maps. The inherent simplicity of this approach is at the same time its weakness, as the error of such
change detection products is the product of the error between the maps. This approach may work for
small, well-known study areas where the analyst visually generates or corrects the independent land cover
maps, but it can be disregarded for wall-to-wall change detection of large areas.

More effective are strategies that focus on updating a baseline map and time series (Huang et al. 2010;
Kennedy et al. 2009; Pouliot et al. 2014; Verbesselt et al. 2010). Also, limiting detection to specific
change types, e.g., forest disturbance or forest cover change, may result in higher accuracies.

For the study area of Landsat path-row 020-046, the Vegetation Change Tracker (VCT) algorithm was
applied; this method was previously successfully employed in other forest change studies in temperate
regions. The algorithm builds on a Disturbance Index (Healey et al. 2005) and applies additional rules
mainly focusing on temporal persistency of change. The use of images at the peak of growing season
maximizes the difference between a healthy forest and no vegetation in the next image. The peak of
growing season in temperate regions coincides with less cloud cover during the summer season, but in
tropical regions this corresponds to the rainy season. Therefore, significantly fewer clear images (i.e., free
of cloud cover or atmospheric haze) were available, and so cloud-free, dry-season images, primarily
between March and May, were used. In addition, for the period from 2004 to 2009 only scan-line-off
Landsat 7TETM+ data were available, and composites from several acquisitions were generated to reduce
data gaps. With varying feature sets and threshold settings to define mature forest, only mediocre results
were achieved, with generally higher than 50% commission and omission error (Colditz et al. 2015a, b,

c).

Also, the spatial patterns of our VCT-based change maps do not match well with areas identified in other
studies or with other methodologies such as the Hansen forest cover change map (Hansen et al. 2013) or
the Iteratively Reweighted Multivariate Alteration Detection (IR-MAD) algorithm (Nielsen et al. 1998).
Here, differences may be due to inadequate sets of image observations; however, the differences in
change detection methods, even when using the same input data, are generally high, and accuracies in a
rigorous assessment are low. Thus, considering the importance of activity data in forest carbon
monitoring and GHG assessment, much research remains to be done to reduce uncertainties in land-cover
change and other activity data.
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4.5 Summary

Change detection based on a comparison of sequential map products is affected by the classification
errors in each map and can introduce large uncertainties into the change estimates. Moreover, the
persistent problem of inconsistency in stratification and legends of existing map products also limits their
use for change detection. While many established remote sensing products and many new ones are readily
available, and while computing power has greatly increased in recent years, the algorithms and
approaches for change detection are still in need of improvement. Our current ability to detect forest
cover change from image time series is constrained by the low accuracies of the resulting products, and
these will introduce large uncertainties in the estimates of GHG emissions and removals.

Increasing the spatial resolution of remote sensing products improves the ability to detect changes in
tropical regions where small plots of land undergo change (see also Section 6).

The main temporal issue in the tropics is the availability of cloud-free images during the peak of growing
season. After resolving the spatial and temporal data issues, analysts need to select an appropriate change
detection algorithm that best suits their needs. Further improvements to change detection algorithms are
greatly needed to reduce uncertainties in GHG estimates.
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5. Using Activity Data in GHG Estimation
D. Greenberg, W.A. Kurz, M. Fellows, S. Morken, A. Dugan

CEC-supported work also focused on enhancing the capacity of the CBM-CFS3 to conduct spatially
explicit simulations, in particular its capacity to use emerging and anticipated spatially explicit activity
datasets to reduce uncertainties in calculations of landscape-level GHG emissions and removals. Such
data sets are derived from time series of land-cover products obtained from remote sensing (see Section
4). The work involved developing, testing, and evaluating new software known within the team as
“Recliner,” and then using it to conduct demonstrative spatially explicit simulations of forest carbon
dynamics within landscapes in North America. In this section we briefly describe the Recliner system and
its use in conducting an example of a spatially explicit simulation of carbon dynamics within a forested
landscape in the US.

5.1 Integrating activity data into emissions and removals estimation
(land-use change matrices and Recliner)

Recliner directly uses rasters or shapefiles of forest type, forest age, any classifiers intended for
stratification, and disturbance events to create CBM-CFS3 projects (i.e., the data bases with all input data
files). These projects are then used for analyses in which the carbon dynamics for every individual stand
(i.e., groups of pixels with similar attributes) is simulated. In contrast, the existing CBM-CFS3 tools use
spatially referenced summaries of forest characteristics (i.e., a table indicating the number of hectares of
different forest types, stratified by stand age, spatial unit, and desired classifiers) and disturbance events
(i.e., a table indicating the number of hectares, stratified by year, forest type, stand age and desired
classifiers, affected by different types of disturbance) to create CBM-CFS3 projects. In spatially
referenced analyses the carbon dynamics of individual stands are also simulated but the exact locations of
stands are not known and stands can represent aggregates of polygons. Figure 5.1 outlines Recliner inputs
and workflow in flowchart form. The Recliner data processing system can use activity data in a wide
range of map formats that can include a single disturbance type or multiple disturbance types, defined for
one or multiple years.

Commission for Environmental Cooperation 41



Integrated Modeling and Assessment of North American
Forest Carbon Dynamics

Figure 5.1 lllustration of Recliner inputs and workflow
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Recliner is capable of processing large raster datasets efficiently by making use of a “hash function.” A
hash function increases the speed with which a computer accesses large datasets by mapping them to
smaller datasets on which the main processing will be conducted (Konheim 2010); Recliner’s hash
function identifies individual stands—pixels within the input rasters—that have common forest type,
starting age, pattern of disturbances, and other characteristics, and then consolidates them into a table of

records to be processed by the CBM-CFS3.
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To demonstrate Recliner’s operation we present the approach and results of a spatially explicit simulation
of carbon dynamics within the USFS Nez Perce—Clearwater National Forest (NP). The NP contains ~1.6
million forested hectares in the northwestern US (see Figure 3.3 in Section 3); it has considerable spatial
variation in species composition (Figure 5.2a), stand age (Figure 5.2b), and climate (Figure 5.2c), owing
to terrain that spans more than 2000 m in elevation, and has as well spatiotemporal variation in the
frequency and magnitude of natural and anthropogenic disturbances (Figures 5.3).

Figure 5.2 Tree species composition and stand age, in 2004, and average annual temperature, in the
Nez Perce-Clearwater National Forest
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Figure 5.3 Forest disturbances within the Nez Perce—Clearwater National Forest, 2004-2011
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The raster datasets depicted in Figure 5.2, a—c, which we used in the simulation, were created using a
variety of data sources and methods. The tree species composition raster was clipped from the USFS map
of dominance type for USFS Region 1, which was a reclassification based on algorithms described by
Barber et al. (2011) of the Ruefenacht et al. (2008) map of forest type. We created the stand age raster
using Voronoi tessellation (Okabe et al. 2000) of estimated stand ages in 2004 at inventory plots in the
USFS Forest Inventory and Analysis program (<www.fia.fs.fed.us>), replacing estimates in areas of the
tessellation with ones from USFS Common Stand Examinations (<www.fs.fed.us/nrm/fsveg/>) where
these were available. The average annual temperature raster (used to inform modeling of temperature-
dependent dead organic matter decay (Kurz et al. 2009)) was clipped from the PRISM Climate Group’s
raster of mean annual temperature across the US (<www.prism.oregonstate.edu/normals/>), which was
generated using the PRISM interpolation method (Daly et al. 2008).
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The disturbance rasters we used were created by researchers from the Wildland Resources Department at
Utah State University, with the Vegetation Change Tracker algorithm (Huang et al. 2010) being run on
the Landsat Time Series Stack (Huang et al. 2009) to estimate where and when disturbances occurred.
The causes of these disturbances were assessed via post-processing manual classification, using the
Landsat stack, Google Earth images, data from Monitoring Trends in Burn Severity (<www.mtbs.gov/>),
US Forest Service Activity Tracking System (<www.fs.fed.us/nrm/index.shtml>), and Aerial Detection
Survey (<www.fs.fed.us/>) programs (most details in Healey et al. 2014; others unpublished). The
magnitudes of disturbance events were estimated using modeled changes in stand volume or percent
canopy cover (most details in Healey et al. 2014; others unpublished), and were classified into four
categories of change: 0-25%, 25-50%, 50-75%, and 75-100%. We reclassified these, respectively, to
12.5%, 37.5%, 62.5%, and 87.5%, for use with CBM-CFS3, given that the disturbance matrices
associated with CBM-CFS3 disturbance types can specify only single values, rather than ranges of values,
for disturbance-related carbon transfers among pools. All rasters were originally created at 30-m
resolution and subsequently resampled to 90-m resolution.

Yield tables for the six USFS dominance types within the NP (Figure 5.4) were estimated by predicting
volumes at the mid-points of 5-year age intervals from von Bertalanffy functions (von Bertalanffy 1934)
that we fitted to estimated volumes, which had been modeled using the USFS Forest Vegetation
Simulator (<www.fs.fed.us/fmsc/fvs/>), of FIA plots at ages estimated during censuses at irregular
intervals.

Figure 5.4 Growth curves used in CBM-CFS3 simulation of the Nez Perce—Clearwater National Forest
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Note: CBM-CFS3 = Carbon Budget Model of the Canadian Forest Sector (Version 3).
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Examples of results of the simulation appear in Figures 5.5 and 5.6. These are intended primarily as proof
of concept, and our main interest is whether they are consistent with the data that were used in the
simulation—in particular, that the carbon dynamics estimated by the CBM-CFS3 make sense in the
context of the patterns of disturbance that were simulated. They do, as indicated by the inversely
proportional correspondence between change over time in the ratio of NBP to NEP (Figure 5.6a) and by
the amount of the landscape disturbed (Figure 5.6b); NBP was roughly 50% of NEP during the first year
of the simulation (2004), indicating carbon losses that correspond to a moderate amount of fire and lesser
amounts of harvest and insect attack; NBP then increased and was on par with NEP during 2005 and
2006, as the area affected by all three types of disturbance decreased. NBP decreased drastically—to
roughly 10% of NEP, in 2007—with a pulse of burning in which the area burned increased by roughly
900%, and there were minor increases in harvest and insect attack. The next year saw the incidence of all
three types of disturbance return to pre-2007 levels and NBP become roughly on par with NEP again; it
remained so for the final three years of the simulation, with minor annual variation corresponding to
minor variation in disturbance rates. The results suggest overall that carbon dynamics within the NP are
driven strongly by fire.

The results demonstrate the utility and approach of Recliner to combine pixels with identical attributes.
Such pre-processing of model inputs greatly reduces the number of unique pixels that need to be
simulated. The additional time required for pre-processing of the input data is more than compensated for
by the reduction in simulation time for the landscape. The results are then redistributed to all pixels in the
landscape. However, as landscape complexity and the number of data layers increase (e.g., with climate
data) and the number of pixels that can be combined decreases, the approach outlined here will become
limiting. At present, this remains a pragmatic approach that enables use of the available tools to conduct
spatially explicit simulations. An approach that will scale better to larger and more complex landscapes is
under development.
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Figure 5.5 Change in carbon stocks, by IPCC pool, over time, in the Nez Perce-Clearwater National

Forest
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Note: The left side of the figure illustrates relative magnitudes of the patterns in stocks within the five IPCC carbon
pools, while the right side illustrates their finer-scale variation over time.
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Figure 5.6 Change in net primary production, net ecosystem production, and net biome production,

over time, in the Nez Perce—Clearwater National Forest
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Note: The left side of the figure illustrates the relative magnitudes of the patterns in ecosystem productivity, while
the right side illustrates their finer-scale variation over time. See Table 2.3 for a definition of the terms NPP, NEP,
and NBP.
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5.2 The impact of spatially explicit and spatially referenced approaches on
estimates of GHG emissions and removals

One of the main advantages of conducting a spatially explicit simulation with forest inventory and
activity data is that the distribution of disturbance events among stands according to the stands’
characteristics is fully specified in the simulation. This reduces uncertainty in calculations of the carbon
fluxes that result from each disturbance event, which in turn reduces uncertainty in the calculation of total
landscape GHG balance over the analysis period. This is compliant with the IPCC recommendation that
nations attempt to reduce uncertainties when reporting forest GHG balances to the UNFCCC.

We investigated the reductions in uncertainty that accompany complete specification of the distribution of
disturbances among stands according to their characteristics, in CBM-CFS3 calculations of landscape-
level forest carbon balances. We ran a series of sets of spatially referenced simulations of carbon
dynamics over 2004-2011, within the NP, with the spatially referenced input data being summaries of the
rasters used in the spatially explicit simulation (see Section 5.1, above, for details of the site and datasets).
We progressively increased the specificity with which disturbances were allocated among individual
stands. The results of each set of spatially referenced simulations were then compared to the results of the
others and to the results of the spatially explicit simulation, to examine their relative precisions and
accuracies.

In a spatially referenced simulation the individual stands affected by disturbances are not individually
identified. Instead, the CBM-CFS3 uses rule-based algorithms to allocate the disturbance events among
stands that are represented by records created at the outset from a non-georeferenced forest inventory. A
user-provided input table specifies how many hectares of the landscape were occupied by stands
according to their different sets of characteristics (forest type, forest age, and other classifiers), at the start
of the simulation period. The stands are then disturbed during the simulation according to an input table
that specifies how many hectares of forest with different characteristics to target by each disturbance type
during each year of the simulation (Table 5.1). When a disturbance and its associated carbon fluxes and
transfers are simulated, all stand records with the specified characteristics are sorted either randomly or by
user-specified rules, and the sorted stands are disturbed sequentially until the target defined by area,
volume or proportion of eligible stands is reached.
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Table 5.1 Examples of spatially referenced targeting of stands for disturbance

Targeting stands randomly with respect to leading species and age

Leading species Age (yrs) Disturbance Ha to disturh # of stands to disturh
any any clear-cut 500 50
any any wildfire 600 60

Targeting stands by leading species but randomly with respect to age

Leading species Age (yrs) Disturbance Ha to disturh # of stands to disturh
Lodgepole pine any clear-cut 200 20
Grand fir any ‘ 300 30
Lodgepole pine any wildfire 300 30
Grand fir any 4 300 30

Targeting stands by both leading species and age

Leading species Age (yrs) Disturhance Ha to disturh # of stands to disturh
Lodgepole pine 40-50 clear-cut 100 10
“ 60-70 “ 100 10
Grand fir 40-50 “ 150 15
“ 60-70 “ 150 15
Lodgepole pine 40-50 wildfire 200 20
“ 60-70 “ 100 10
Grand fir 40-50 “ 180 18
“ 60-70 “ 120 12

Note: Spatially referenced targeting of stands for disturbance (assuming 10-hectare [ha] stands) is done according to
rules that specify the characteristics by which stands should be targeted. Stands can be targeted by any combination
of characteristics. The table illustrates more-specific targeting of stands for disturbance, with the total number of
stands being disturbed kept constant (50 by clearcut, 60 by wildfire) but these being progressively more stratified
according to their characteristics.

To conduct our investigation we created tables of spatially referenced data from the rasters and conducted
four sets of spatially referenced simulations, with the sets increasing in how precisely stands were
targeted for disturbance by their characteristics. We calculated cumulative NBP in 400 runs for each of
the four sets. We considered the spatially explicit simulation described above in Section 5.1 to provide
estimates “closest to truth.” The precision of the spatially referenced runs increased—within-set variation
in NBP decreased—as stands were targeted more precisely for disturbance by their characteristics (Figure
5.7). Surprisingly however, accuracy decreased rather than increased when compared to the spatially
explicit simulation, as the within-set average NBP came to differ more from the spatially explicit NBP
estimate (Figure 5.7).
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Figure 5.7 Cumulative NBP from four sets of spatially referenced simulations
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We suspected that accuracy decreased because targeting stands more specifically by their characteristics
makes fewer stands eligible for each disturbance event, increasing the chance that individual stands will
receive repeat disturbances during the simulation. Previously disturbed stands have reduced carbon
stocks, in which case a second disturbance will cause less carbon loss and thereby increased NBP relative
to “true” NBP as estimated by the spatially explicit result. We investigated this by repeating the fourth set
of spatially explicit simulations—in which stands were targeted for disturbance with greatest specificity—
but this time prohibiting repeat disturbances. This increased the simulation accuracy, bringing average
within-set NBP close to the spatially explicit NBP estimate (Figure 5.8).
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Figure 5.8 Cumulative NBP from four sets of spatially explicit simulations, with repeat disturbances
prohibited
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Note: NBP = net biome production; g/m? = grams per square meter.

Prohibiting repeat disturbances, however, resulted in smaller estimates of cumulative NBP than in the
spatially explicit run. This is because 90 ha of repeat disturbances did in fact occur in the landscape, as
recorded in the original disturbance data.

In summary, we investigated uncertainties introduced into Tier 3 carbon budget simulation by data that
imprecisely identify which stands were affected by disturbances within the landscape being modeled. The
results suggest that precise data on how disturbances were distributed among stands with respect to their
characteristics can reduce uncertainties in calculations of landscape carbon balance.
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6. Impacts of Activity Data on Estimates of GHG Fluxes
V.S. Mascorro, W.A. Kurz, N. Coops, M. Fellows, M. Olguin

Remote sensing is one of the primary sources of observations of land-cover changes for carbon studies
and other ecological applications due to its ability to periodically monitor the Earth’s surface, including
areas that otherwise are difficult to access (Coops et al. 2006; Wulder et al. 2010). With the ready
availability of remotely sensed data, an increasing number of regional and global-scale studies and
products has been developed specifically for forest carbon monitoring and REDD+ at different spatial and
temporal scales (Achard et al. 2014; Asner et al. 2010; Baccini et al. 2012; Saatchi et al. 2011).

This section emphasizes activity data derived from remote sensing observations from Landsat and
Moderate Resolution Imaging Spectroradiometer (MODIS) satellites, two of the most commonly used
satellite datasets for land-cover change studies worldwide. Four remote sensing products—two land-cover
change maps and two thematic maps—with different spatial and temporal resolutions were compiled to
provide inputs of activity data to the CBM-CFS3 and to compare their impacts on estimates of forest
carbon dynamics (see Table 6.1).

Two spatially explicit layers were derived from each of the four remote sensing products, one with areas
of change and no-change, and the second attributing the change to its underlying disturbance cause. Data
were pre-processed with the Recliner tool (see Section 5.1). Annual carbon fluxes were estimated with the
CBM-CFS3 from 2002 to 2010 over a 180 x 180 kilometer (km) pilot study area of tropical forests in the
Yucatan Peninsula, an area of special interest selected as an “early action” region for REDD+ in Mexico
(see blue area in Figure 3.3, Section 3).

Table 6.1 Remote sensing products used as activity data inputs for carbon modeling in the Yucatan
Peninsula, from 2002 to 2010

Spatial

Map alias Source Type Satellite . Temporality
resolution
VT NASA Vegetation Change Tracker LANDSAT 30m 2003, 2004, 2005, 2007,
map 2008 & 2010
Hansen University of Forest cover loss map LANDSAT 30m 2002, 2003...2010
Maryland
. . 30m 2002-2005, 2005-2007
INEGI INEGI Classificat LANDSAT-SPOT ? ’
asstcalion map (25ha MMU) 20072011
MODIS EIOAI\LI?:\I;II% Classification map MODIS 250m 2005, 2006... 2010

* MMU: Minimum mapping unit

Source: Mascorro 2014.
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In this study, the activity data used for the carbon budget model simulations were derived following the
third approach defined by the IPCC (spatially explicit monitoring changes in area or changes between
categories, IPCC 2003). Prior to deriving activity data for a forest monitoring system, countries need to
establish their definition of forests, deforestation and degradation. For the purpose of this study, the
definitions of forest, deforestation, and degradation are those used by the institutions that developed the
remote sensing and mapping products. The ability to detect land-cover changes is limited by the spatial
resolution of the remote sensing products. (See also Section 6.3)

6.1 How to characterize land-cover changes by disturbance type

Consistent observations of natural and human-induced disturbances that alter the forest structure over
time and space are crucial for quantifying changes in the distribution of carbon that is stored in the
vegetation and soils, and the corresponding GHG emissions. Each disturbance type affects the landscape
in a unique way that can be described by a disturbance matrix (see Section 3.6) that quantifies how much
plant biomass was killed; transferred to litter, coarse woody debris, or soil organic carbon; emitted to the
atmosphere; or transferred to the forest product sector (Kull et al. 2011; Kurz et al. 1992). Therefore, the
accurate estimation of carbon uptake, storage and releases following disturbance requires detailed
observations of the areas affected by each disturbance type (Kurz 2010a; Kurz et al. 2009; Spalding
2009).

Knowledge of forest recovery and succession dynamics following disturbance is essential for making
reliable predictions about future carbon emissions and removals to assess alternative mitigation scenarios
(Kurz 2010a). It is important that countries identify the specific drivers of change in post-disturbance
dynamics—forest mortality, decomposition and regrowth—to quantify their individual contributions to
the forest carbon dynamics. Following disturbance, the CBM-CFS3 can simulate either regrowth of the
same stand type or transitions to other stand types. Based on the stage of stand development and the
ecological characteristics of the site, litter fall and decomposition rates are applied, including yield data,
to represent natural mortality and forest regrowth.

In this section a comprehensive approach is introduced—the Multi-Scale, Multi-Source Disturbance (MS-
D) assessment approach to attributing land-cover change observations by agent of disturbance (Mascorro
et al. 2014). This approach integrates remotely sensed data, forest inventory, and ancillary datasets to
attribute the land-cover change observations to the most likely disturbance type (natural or
anthropogenic), following three main steps:

1. Derive annual spatially explicit layers, by disturbance type.
2. Derive land-cover change observations.
3. Attribute the land-cover changes to their underlying disturbance driver.

A number of major forest disturbance types from national historical records—namely fires, hurricanes,
and forest management areas—were characterized in a spatially explicit way on an annual basis in the
Yucatan Peninsula from 2005 to 2010. This period was selected based on data availability. Using forest
inventory data, forest losses for the study period were estimated from the first forest inventory sampling
cycle (2004-2009) and the re-measurement cycle (2009-2013), computing the difference in mean basal
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area per hectare for each plot between the two periods. Basal area losses can be explained by tree
mortality as the consequence of natural disturbances (e.qg., fires, hurricanes) or as a result of tree removals
due to harvesting activities (Healey et al. 2006).

Annual spatially explicit layers of forest disturbance types were overlapped with the plots that registered a
basal area loss. A regression tree analysis was then used to assess the contribution of each disturbance
type—in this case fires, forest management areas, and hurricane categories—as variables that explain the
observed reductions in basal area. The technique automatically separates the response variable (reduction
in basal area) into a series of choices that identifies the relevance of each constraining variable (De’ath
and Fabricius 2000; De’ath 2002; Melendez et al. 2006). At each node, the disturbance types are
automatically selected to provide the best partitioning of the data that minimizes the sum of squares of the
basal area loss.

6.2 Activity data derived from remote sensing products

Four remote sensing products where obtained from Landsat (VCT, Hansen, INEGI) and MODIS satellites
to obtain land-cover changes. These were overlaid with the spatially explicit maps of forest disturbance
types. The land-cover change observations were attributed to the most likely disturbance driver according
to the relevance authority resulting from the regression tree analysis (Mascorro et al. 2014). A road map
was used to characterize the permanent conversion of forestlands to non-forest lands caused by settlement
(INEGI 2013). In addition to the roads layer, embedded in the classification maps, land-cover classes that
changed to urban areas were attributed as settlement (see Figures 6.1 and 6.2).
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Figure 6.1 Land-cover change maps derived from different remote-sensing products
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Figure 6.2 Annual area (hectares) changed, by disturbance type, derived from different remote
sensing land-cover-change products
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The resulting spatially explicit layers were then used as activity data input for CBM-CFS3 to estimate
their effect on the annual carbon emissions and removals from 2002 to 2010 (see Figure 6.3). This
approach allows us to combine the best available information from remote sensing products, forest
inventories and ancillary datasets developed by various researchers and institutions. Mapping
disturbances and attributing observed land-cover changes to the appropriate disturbance type, using the
MS-D approach, provides a cost-effective solution to obtaining activity data for carbon modeling and
other ecological applications (Mascorro et al. 2014). Its flexibility permits integration of spatially
referenced and/or spatially explicit data on an annual or multi-year basis, to characterize forest
disturbances by type and attribute changes in land-cover to their underlying causes. Moreover, it provides
methods to replicate the study in other “REDD early action” areas of Mexico and other countries.
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Figure 6.3 Annual carbon fluxes in the Yucatan Peninsula, 2002-2010, estimated with different
sources of activity data
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Combining data sources provides a cost-effective approach to reducing uncertainties and increases their
potential use for forest monitoring and REDD+, often filling the spatial and temporal gaps between them.
Strategies to develop a national monitoring reporting and verification system should include a
combination of data sources, not only from remote sensing products, but also from ground-based
measurements, intensive monitoring sites, and ancillary datasets.

Results from this study provided insights into which of the following considerations (increased spatial
resolution, annual observations, or attributing changes to corresponding disturbance types) are the most
critical for deriving activity data for carbon budget modeling.

6.3 Spatial resolution

The differences in results from carbon simulations generated with MODIS and Landsat-derived
disturbance observations suggest that increased spatial resolution should be the first priority when
deriving activity data for carbon modeling in heterogenous landscapes. Carbon simulations derived from
Landsat-based products at higher spatial resolution identified substantially more land-cover changes. In
the VCT and the Hansen simulations, the carbon emissions and removals reflect the interannual variations
in activity data. In contrast, the coarse resolution of MODIS-derived products detected much fewer land
cover changes and generated unrealistic estimates of the carbon balance. The observed land cover
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changes were few, despite having MODIS observations on an annual basis from 2005 to 2010. While
MODIS satellite imagery can help identify large disturbances, results from this study showed that this
coarse spatial-scale satellite imagery has limited ability to provide activity data for carbon modeling in
areas with frequent small-scale disturbances. Typically, satellite imagery from this sensor has focused on
studies over large areas.

6.4 Annual observations

Reliable estimates of carbon dynamics require detailed observations of drivers of change, on an annual
basis (Kurz 2010a). Carbon fluxes predicted with the Hansen product showed a decrease in total
ecosystem carbon content in 2009. However, due to the lack of data and of cloud-free image availability,
no disturbance events were detected in 2009 with VCT, and so, corresponding decreases in the carbon
stocks from the disturbance events were not reflected in the CBM-CFS3 estimates, despite the fact that
the disturbance events observed in 2010 were distributed equally between 2009 and 2010.This result
showed that even missing a single year in the land-cover observations can lead to substantial errors—
especially in ecosystems with rapid-regrowth forests, such as those of the Yucatan Peninsula. The latter
trend was observed in both the attributed and the non-attributed observations; which made having annual
observations a higher priority than the attribution.

6.5 Attribution of land-cover changes to disturbance type

Identifying the disturbance driver of land-cover change is essential for accurately quantifying its
particular impact on forest carbon dynamics. Each disturbance type affects the forest structure and
successional dynamics in a unique way, changing the amount of carbon that is stored in vegetation and
soils and released into the atmosphere. While 86% of the MODIS land-cover change pixels were
attributed to specific disturbance types, due to the product’s coarse spatial resolution the difference
between attributed and non-attributed observations was not perceptible in the simulation runs.

When increasing the spatial resolution using Landsat observations, only a small percentage of the land-
cover change detected was attributed by disturbance type, ascribing most of it as harvesting. However, in
the INEGI product’s classification approach, the larger areas of change detected over the second-period
observations showed that attributing changes by disturbance type is a worthwhile investment. In the
second period, the non-attributed estimates dropped 84% more than the attributed ones, yielding higher
emissions (3.2 million MgC more). These differences between with and without attribution would be
even more pronounced if they were reported as CO,-equivalent emissions (as required in REDD+
projects), because fires cause additional non-CO, GHG emissions (in the form of CH4 and N,O), with
much higher global warming potentials than CO, (Mascorro et al. 2016).

Results summarized here show that average annual differences in the carbon balance estimates obtained
from the biggest sink of MODIS and the biggest source of INEGI-derived products reached 2.46 Tg C yr
', When extrapolating this difference from the area covered by a single Landsat scene to all of Mexico it
becomes apparent that investing into high-resolution, annual estimates of land-cover changes with
attribution to disturbance types will substantially reduce uncertainties in GHG emission estimates.
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7. Estimating Past and Projected Future GHG Emissions
M. Olguin, W.A. Kurz, C. Wayson, M. Fellows, V. Maldonado, D. Lopez-Merlin, O. Carrillo, G. Angeles

The CBM-CFS3 was selected to conduct state-level analyses in Mexico, because it is a modeling
framework that can integrate forest inventory information, growth and yield curves, and activity data
about natural and/or anthropogenic disturbances events. In Mexico such information is available or under
development at the national scale (e.g., National Forest and Soils Inventory, Conafor 2010; land cover
time series from 1990 to 2010, Gebhardt et al. 2014). Also, initial tests of the model at regional scales
have shown that this approach is suitable for monitoring recent impacts and projecting future impacts of
land-use and land-cover changes on GHG emissions and removals, both at stand and landscape levels
(Olguin et al. 2011).

Details on the modeling approach and inputs necessary for the parameterization of the CBM-CFS3 have
been widely documented in the literature (Kull et al. 2011; Kurz et al. 2009; Stinson et al. 2011). In
addition, the approach follows the 2006 IPCC Guidelines for preparing GHG inventories based on a Tier
3 approach. The analyses presented in this section use the CBM-CFS3 model, with the appropriate
modification of parameters and input data to represent forest carbon dynamics in strategic landscapes of
the Yucatan Peninsula (Olguin et al. 2015), including a historic scenario from 1995 to 2010, and several
future scenarios of REDD+ activities from 2011 to 2030. These efforts contribute to the knowledge and
tools to support the regional-scale monitoring of GHG fluxes and the analysis of future GHG emissions
and removals resulting from possible REDD+ scenarios.

7.1 Model components and data sources

Spatial framework for model implementation

The initial steps in simulating forest carbon dynamics using the CBM-CFS3 are to stratify the territory
into spatial units (SPUs), and to reference all inventory and activity data to these SPUs. This facilitates
the integration of inputs with different spatial resolutions within a single assessment framework (Kurz et
al. 2009), following the spatially referenced approach (Reporting Method 1) of the IPCC 2006 Guidelines
(IPCC 2006). For Mexico we created SPUs by intersecting the boundaries of the 32 federal states and the
ecoregions of North America Level 1 (CEC 1997). This resulted in 94 SPUs for Mexico (Figure 7.1)
(Olguin et al. 2015).
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Figure 7.1 Distribution of 7 North American ecoregions (Level 1) intersected with the 32 Mexican states
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Note: This study is limited to the two ecoregions present in the Yucatan Peninsula.

The total area selected for this study included most of the forested area in the states of Campeche,
Quintana Roo and Yucatan (but excluded all mangrove forests). The Yucatan Peninsula is characterized
by two ecoregions—tropical humid forests and tropical dry forests—resulting in six spatial units (Figure
7.1). To understand the dynamics of carbon fluxes at a more detailed level within each SPU, we assigned
the following classifiers to each stand record: 1) Ecoregions level IV (adds detailed information on
climate, topography, vegetation types); 2) Forest cover type (based on the national forest monitoring
system); 3) Forest condition (such as forests under a management plan or a protected area; see CEC
2010); and 4) REDD+ status (i.e., whether or not forests are located within an early action area for
REDD+ activities; see Conafor 2012).

Based on the above stratification scheme, we generated the necessary inputs to conduct preliminary runs
with the model, using information that is available at the national scale so that these analyses can
eventually be expanded from the three states to other forest areas of Mexico (Olguin et al. 2015).

Forest growth and age-class structure

To generate information about forest growth and age-class structure as input to the model, we used
aboveground biomass estimates at the plot level, derived from measurement and re-measurement data
from the National Forest Inventory and Soils plots (Conafor 2010, 2014a). From these plots we generated
seven merchantable volume and biomass growth curves to represent specific growth conditions in the
region (Angeles, in prep.) and generated an initial age-class structure using plot-level biomass content as
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a proxy of time since major stand disturbance (Olguin et al. 2015; Wayson et al., in prep.). In the absence
of inventory data for 1995, we then made the simplifying assumption that the observed age-class structure
of each of these SPUs applies to the initial conditions in 1995, the start year of the model simulations. No
inventory rollback was undertaken, in part because the inventory information was collected over a period
of years and cannot be attributed to a single year. The impact of this simplifying assumption can be
examined further in the future, for example by using the disturbance data from 1995 to 2002 to conduct
an inventory rollback to 1995 (see Section 3.2).

Activity data

In accordance with IPCC good practice guidelines (IPCC 2014a), the CBM-CFS3 model was used to
account for the emissions and removals that take place during a given period of time that result from the
impacts of natural disturbances and human activities (i.e., activity data). Thus, our main focus was on the
compilation, harmonization and integration of activity data available from multiple sources (e.g., remote
sensing products, forest inventories, official statistics, and expert knowledge) into an internally consistent
framework, to assess the effect of disturbances such as deforestation, forest regrowth and fires on the net
forest ecosystem carbon balance of the region.

Deforestation and reforestation events. To estimate the area affected annually by land-use/land-cover
changes, we used available national-scale land-cover and land-use maps for 1993, 2002, 2007 and 2011,
provided by Mexico’s National Institute of Statistics and Geography (INEGI) and intersected the study
area with these four maps. We reclassified INEGI’s map labels according to the 13 land-cover classes
proposed by Gebhardt et al. (2014), to be consistent with land-cover data that will soon become available
as part of the Mexican MRV system (MAD-MEX) (Gebhardt et al. 2014). This information was then
joined with the maps of ecoregion level 1V, protected areas, managed forest areas and the REDD+ early
action areas. Based on this new map we generated annualized land-cover transition matrices for each
period of change—1993-2002, 2002-2007 and 2007-2011—for each of the six spatial units (Table 7.1).
Finally, we created an input file of the area annually disturbed by partitioning the change over the
observation period into annual changes for each land-cover/land-use (LC/LU) change category, for every
transition matrix and spatial unit.
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Table 7.1 Example of a land-cover/land-use (LC/LU) change matrix for the Tropical Humid Forest
ecoregion within the states of the Yucatan Peninsula (three spatial units), using INEGI LC/LU, for
years 2002 (series Ill) and 2007 (series 1V)

2002 land type

0ak forest

Mixed forest

Area (ha) change from 2002 - 2007

Humid forest

Dry forest

Non-forest

Others

0ak forest 172 561 8,586
Mixed forest 2,953 607 338 3,898
Humid forest 1,061 6,268,561 16,022 107,772 8.739 6,402,155
Dry forest 63,409 | 3,300,862 148,221 626 3,513,230
Non-forest 131,878 1,915,202 4,198 2,148,163
Others 2,668 194 2922 | 432,921 438,705
Total 8.437 8,871 6,467,295 | 3408633 | 2175015 | 446484 | 12,514,736

Note: Blue: transitions from non-forest land-use class to forest Red: transitions from forest land-use class to non-
forest. Gray: forest cover classes that remained unchanged. All other land-use/land cover changes reported in this
table were not considered in the simulations (e.g., classification errors). Cells without humbers: represent no changes
to or from that land-use class. ha = hectares.

Fire events. We compiled and analyzed available state-level, official statistics on area burned, by stratum
(trees/regeneration, scrubs, herbs/grasslands), from Conafor from 1995 to 2013 (Conafor 2014b). Because
this information does not provide any indication regarding forest type burned by year, or geographic
location of the fire event, we created rules and assumptions based on the information we had, by state, of
the predominant forest type in each ecoregion at level IV. For example, most of the area burned in the
region belongs to the scrub-stratum type, thus we assumed that most of the events are of the type of
surface fires (Jardel et al. 2010) and that the area burned occurs in forest stands that are less than 20 years
old (this is also more or less the length of the shifting cultivation cycle).

7.2 Historic net GHG emissions and removals from land-use changes
and fires

Considering the input period covered by the available data resulting from forest-cover losses and gains
(i.e., deforestation and reforestation, and fire events), the CBM-CFS3 model was run to develop a historic
simulation scenario of GHG emissions/removals from 1995 to 2010.

From the data and assumptions used to create the runs of the historic scenario, we noted that, although the
forest area decreased because the annual area of gross deforestation rates was greater than the area of
gross reforestation rates in the Yucatan Peninsula (YP), GHG removals from 1995 to 2010 were on
average greater than the GHG emissions (Figure 7.2). This “net sink” is because GHG uptake from
growing forests in forest land remaining forest land was greater than GHG emissions from deforestation
and fires. The rate of this sink varies with the net deforestation rates and with the area annually burned.
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Figure 7.2 Annualized area of the Yucatan Peninsula affected, by forest land-use change and by annual
fire events, 1995-2010, and estimated net CO,e emissions

Yucatan Peninsula

0
I Deforestation
I Reforestation =10
I Fires
-#- Net ecosystem CO,e balance 4220
s
(<5
200 — +-30 o
(&)
{=Ts]
—_
150 —+
= - -40
. —
= 100 —
b —
3
E L 50
2 50—+
©
o
=
0
w0 O ~ oo D (== ] — N o s w (=) ~ oo o o
[op] D D oD (=2 o o o o o o o o o o —
o [=p] [op] o oD o o o o o o o o o o o
— — — — — N N N N N N ~N N N N N
Year

Note: CO,e = carbon dioxide—equivalent; K ha = thousand hectares; Tg = teragrams. Negative flux denotes removal
from the atmosphere, i.e., a sink.

Following IPCC guidelines (see Section 2.7 on UNFCCC land-use categories and transitions), we used
the model to estimate the annual contribution of each land-class category to the total net GHG balance for
the two main ecoregions of the YP: Tropical Humid Forest (THF) and Tropical Dry Forest (TDF). IPCC
guidelines specify that, in the case of land-use change, the emissions and removals are always reported in
the new land category (see Section 2.7). Therefore, emissions from deforestation are reported in the
category Forest Land converted to Other [non-forest] land (FLOL) (the new non-forest land category is
not further specified here, but in this case it is the combination of croplands, grasslands and other lands),
while emissions in intact forests are reported in Forest Land remaining Forest Land (FLFL).

Figure 7.3 shows that the two ecoregions differ greatly in terms of their net CO.e balance: the cumulative
value from 1995 to 2010 for the THF ecoregion is 40 times greater than for the TDF. The forest area in
the THF ecoregion is much larger than in the TDF ecoregion (THF covers 90% of the YP), and forests in
the THF have higher growth rates. The predicted annual GHG balance reflects the activity data. In terms
of the estimates of GHG fluxes for the six spatial units, the average values from 2001 to 2010 show that
the biggest sink was observed in the category Forest Land remaining Forest Land (FLFL), with -52 Tg
CO.e year™; the largest source was in areas affected by deforestation, the category Forest Land converted
to Other [non-forest] Land uses (FLOL), with 27 Tg CO,e year™; while the inverse process OLFL
contributed a small sink of -8 Tg CO,e year™.
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Our preliminary analysis of the age-class structure indicated that the forests of the YP are dominated by
younger age classes (Olguin et al. 2015), with a high growth rate (higher capacity to remove CO, from the
atmosphere). Their contribution to the overall GHG balance is sufficient to generate a sink, even as the
net forest cover loss increases and the forest area decreases. These analyses do not yet include more-
complex and finer-scale disturbances that contribute to forest degradation, and we anticipate that
including disturbances such as selective timber harvesting and firewood collection will reduce the net
GHG balance of the YP to near-zero.

Figure 7.3 Sum of GHG emissions/removals from all land class categories in the Tropical Humid Forest
and Tropical Dry Forest ecoregions, in the Yucatan Peninsula
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Note: a = Tropical Humid Forest ecoregion; b = Tropical Dry Forest ecoregion; GHG = greenhouse gas; Tg =
teragrams; CO,e = carbon dioxide—equivalent; FL = Forest Land; OL = Other [non-forest] land. Note the difference
in Y-scale in graphs a) and b) and that these values are reported consistent with UNFCCC conventions, wherein a
sink is a removal from the atmosphere and therefore a negative value.
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7.3 Projected future net GHG emission scenarios

Baseline scenario

Figure 7.4 shows estimates of annual GHG emissions/removals (from 1995 to 2010), and the projection
of past conditions into the future (from 2011 to 2020). To develop this baseline scenario, we explored two
different possible approaches, assuming: a) the average of annual rates of activity data (i.e., land-use
changes and fires) from the last 10-year period remain constant from 2011 to 2020, and b) the average of
the net GHG balance of the last 10-year period remains constant from 2011 to 2020. We then estimated
the annual balance of GHG emissions and removals for the two scenarios.

As in the historic scenario, the growth of remaining and of newly established forests contributed to the
removal of atmospheric carbon during the simulation period even when the total forest area decreased.
Thus, regardless of the selected baseline, the landscape remains a net sink from 2011 to 2020. This
potential sink will decrease, if additional information on non-stand-replacing disturbance events is added
to the scenario or as the temporal and spatial resolution of information about stand-replacing disturbances
increases ( Olguin et al. 2015; Mascorro et al.2016).

Our results clearly illustrate the limitations of the “10-year GHG emissions average approach” as
baseline. This simplistic approach supposes that future CO,e emissions will be the same (on average),
without considering possible changes in the dynamics between forest growth conditions and activity data.
However, as our example demonstrates (Figure 7.4), projections of the average rate of past activity data to
2020 result in a 30% lower COe removal than using the “10-year GHG emissions average approach.”
This is the result of the cumulative impact of the net reduction in forest area, the increase in average forest
age that results in higher biomass but a lower average growth rate of the remaining forest area, and the
increased emissions resulting from deforestation of areas with higher biomass carbon density. The
cumulative difference between the two baselines is 86 Tg CO.e.
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Figure 7.4 Annualized area of the Yucatan Peninsula affected, by forest land-use change and by annual
fire events, 1995-2010, and estimated net CO,e emissions
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Note: CO,e = carbon dioxide—equivalent; kha = thousand hectares; Tg = teragrams. Negative flux denotes removal
from the atmosphere, i.e., a sink.

Historic information: (a) 10-year activity data (AD) average, and (b) 10-year average of greenhouse gas (GHG)
emissions versus removals (E/R).

Source: Adapted from Olguin et al. 2015.

Mitigation scenario

The government of Mexico aims to achieve a 30% and 50% reduction in GHG emissions by 2020 and
2030, respectively, relative to the projected net increase in GHG emissions, using the base year of 2000
for all sectors (Conafor 2013). As an example of a mitigation scenario, we explored the effect of
gradually reducing the rate of deforestation by 2.5% annually (of the original value, i.e., 25% reduction
over 10 years and 50% reduction over 20 years) for the period 2011 to 2030. We then compared the
results of the mitigation scenario against the two possible baselines.

Based on our current estimates of land-use changes for the Yucatan Peninsula, the annual gross
deforestation rate was about 0.6% from 2001 to 2010. Thus we used the CBM-CFS3 to estimate the net
GHG emissions if the gross deforestation rate is reduced linearly by 25% by 2020 or 50% by 2030.
Decreasing the deforestation rate by 25% by 2020 could lower net GHG emissions by 6% relative to the
baseline calculated with constant activity data (Figure 7.5). Halving the deforestation rate by 2030 would
yield a 41% reduction in net GHG emissions relative to the baseline with constant activity data (Figure
7.5). In contrast, if the mitigation benefits of the reduction in deforestation rates were expressed relative
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to the baseline with constant emissions, based on the historic average, mitigation benefits would be
negative. Relative to the baseline, emissions are predicted to have increased 24% by 2020 and 33% by
2030. In other words, despite the successful reduction in deforestation rates, the accounted emissions
would be higher (or the sink lower) than the selected baseline. This emphasizes the importance of
selecting a “forward-looking™ baseline as the basis for the evaluation of mitigation and REDD+ strategies
(Bottcher et al. 2008; Kurz 2010b). Using a static historic value (as in the first baseline) introduces the
risk that the landscape carbon dynamics that result from age-class legacy or changes in forest area are not
adequately considered.

Figure 7.5 Example of cumulative reduction in GHG emissions by decreasing annual deforestation
rates by 2.5% (of the original rate) per year relative to the two baseline scenarios: from 2011 to 2020
and from 2011 to 2030

250 I Relative to the average GHG emission approach
I Relative to the average AD approach

100
T 50
>
=
[=-]
o0 0
—
-50
-100
-150

2011 to 2020 2011 t0 2030

Note: GHG = greenhouse gas; AD = activity data; Tg COe yr” = teragrams carbon dioxide—equivalent per year.
Relative to a baseline derived using the average GHG emission approach, accounted emissions would increase
despite the reduction of deforestation rates.
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7.4 Lessons learned and future work

This chapter has presented examples of the use of modeling tools to identify, integrate and analyze
information from inventories, ground plots, activity data, and other sources into internally consistent
estimates of past and projected future GHG emissions and removals. Through close collaboration with
key partners in Mexico, the US and Canada, these efforts contribute to improving the design and
assessment of activities in the forest sector that can contribute to meeting national and regional GHG
emission reduction targets. For example, we presented methods to develop projections about future
emissions resulting from reductions in deforestation rates. These modeling results can be used to compare
and rank alternative mitigation scenarios. This information can enhance collaboration between the
scientific and policy-maker communities in Mexico to improve the understanding of the effects that
policy decisions can have on future GHG emissions.

There are ongoing efforts to refine the simulation of carbon dynamics for the range of ecosystem types
and conditions in selected Mexican states. Improvement to activity data is being sought through use of
higher-resolution remote sensing products combined with information derived from National Forest
Inventory data that includes attribution of changes. Updated growth curves and better information on the
initial age-class structures are also expected to improve emissions estimates. Efforts to increase the level
of complexity of the simulations by including forest management practices, forest degradation, and fires,
using spatially referenced and spatially explicit approaches are also in process. Work is being conducted
to assess the impacts of different assumptions and data sources on GHG estimates, through sensitivity
analyses and the evaluation of model results using independent data (e.g., new state-level forest
inventories, intensive carbon monitoring sites; Olguin et al. 2015) that can ultimately help identify,
guantify and prioritize efforts to reduce uncertainty in estimates on forest carbon dynamics (see Section
2.8).
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8. Using Process-based Models to Support GHG Estimates and
Simulate Effects of Disturbance and Climate on Forests

Z. Dai and R.A. Birdsey

Assessing carbon sequestration in forest ecosystems is fundamental to supplying information for GHG
estimation in support of reducing emissions from deforestation and degradation (REDD+). Modeling
carbon dynamics in forests using process-based models contributes to the methodology and protocol for
assessing North American forest carbon dynamics, and provides unique capability to simulate the
complex effects of disturbances, climate variability and change, and their interactions.

8.1 Model parameters and validation

Data needed to initialize ecosystem process models for assessing carbon stocks in forest ecosystems differ
among models. Biomass observations from study targets are mainly necessary for empirical models to
predict growth curves. However, process-based models need various data on factors that influence plant
growth—mainly including vegetation species, soil, climate, and factors that affect forests, such as
disturbances and other activity data as described in previous sections (Table 8.1). Results from evaluation
of several process-based models (Dai and Birdsey 2015) showed that Forest-DNDC can perform well and
have high modeling efficiency. It was selected for estimating carbon stocks, sequestration, and various
disturbance and climate scenarios, including thinning, hurricane, fire, and a combined scenario of
warming with disturbances at the landscape level. The main model parameters needed by the DNDC
process model are shown in Table 8.2. Similarly to in empirical models, a good representation of the age
of the forests and an accurate representation of time since disturbance are critical input parameters.

Table 8.1 Data needed for modeling forest carbon dynamics, using the DNDC model

Parameters Data Needed: Forest-DNDC

Location and topography Simulation units, latitude for each simulation unit

Climate data Maximum and minimum temperature, Precipitation (daily)

Atmospheric parameters Carbon dioxide concentration, nitrogen deposition, solar radiation (optional)

Soil Depth, texture, layers, hydraulic conductivity; soil porosity, field capacity and wilting point, nitrogen,

and carbon content in different soil layers and organic matter components (litter and mineral soil)

Initial age and biomass in different storeys (overstorey, understorey and ground), based on species/cover

{egetation type; and phenology
Hydrology Water table; needed only for wetlands
Scale Spatially explicit

Wild and prescribed fires, thinning, planting, harvest, insects, hurricane ; includes timing and intensity

L of disturbances

Time-step Daily/ hourly
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Table 8.2 Key vegetation and soil parameters for Forest DNDC model

Parameter Parameter

Initial leaf N (%) Leaf start growing degree days (GDD)
AmaxA (pmol g-1s-1) Wood start GDD
AmaxB Leaf end GDD
Optimum photosynthetic temperature (°C) Wood end GDD
Minimum photosynthetic temperature (°C) Leaf N re: translocation
AmaxFrac Senescence start day
Growth respiration fraction Leaf C/N
Dark respiration fraction Wood C/N
Wood maintenance respiration fraction Leaf retention years
Root maintenance respiration fraction C reserve fraction
Light half saturation constant C fraction of dry matter
Respiration Q10 Specific leaf weight (g m-2)
Canopy light attenuation Minimum wood/leaf
Water use efficiency Leaf geometry
Intercept of vapor pressure deficit Maximum N storage (kg N ha-t)
Slope of vapor pressure deficit Maximum wood growth rate
Maximum leaf growth rate (% yr-1) Coefficient of stem density (0-1)#
Overstorey species Overstorey age
Understorey species Understorey age
Ground growth (sedge and moss) Daily minimum temperature (°C)
Daily maximum temperature (°C) Daily precipitation (mm)

Spatial soil, climate, vegetation and hydraulic parameters
Soil organic carbon (%) Hydraulic conductivities (cm hr-!)
pH Wilting point (0-1)
Clay (%) Capacity (0-1)
Soil depth (cm, <150cm) Porosity (0—1)
Overstorey species Overstorey age
Understorey species Understorey age
Ground growth (sedge and moss) Daily minimum temperature (°C)
Daily maximum temperature (°C) Daily precipitation (mm)

# Usually, the coefficient of stem density is the ratio of forest to the bare (non-forest) areas in each simulating unit,
and from O to 1.

Note: AmaxA = photosynthetic constant (intercept of leaf nitrogen concentration); AmaxB = photosynthetic
coefficient (slope of leaf nitrogen concentration); AmaxFrac = daily average maximun photosynthesis; 1 mol gs™
= micromolecules per gram per second; Q10 = temperature coefficient; C = carbon; N = nitrogen; g m?= grams per
square meter; kg N ha™ = kilograms nitrogen per hectare; mm = millimeters; cm hr* = centimeters per hour.
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In the Yucatan Peninsula (YP), DNDC was validated using the observed biomass from 276 circular plots
(Dupuy et al. 2012) in the Kaxil Kiuic forest. Figure 8.1 shows that the biomass simulated by DNDC was
significantly correlated with the observed values (R?=0.83, P<0.001); the slope of the regression model
between observed and simulated values was close to 1.0 (b=1.03); and the intercept (a=1.33) was only
about 2.84% of the observed average. These metrics show that the DNDC can be used to assess carbon
stocks in the Kaxil Kiuic forest with a performance of E>0.79 and R%>0.83.

Figure 8.1 Total aboveground biomass carbon observed vs. total simulated using Forest-DNDC for the
276 plots in the tropical dry forest at Kiuic in the Yucatan Peninsula
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The simulated aboveground biomass using DNDC was compared to an empirical growth curve (Figure
8.2) (Angeles, in prep.), which was produced using datasets from the National Forest and Soils Inventory
of Mexico observed for this type of forests. The comparison shows that the simulated results are
consistent with those values calculated using the empirical growth curve for this type of forest.
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Figure 8.2 Comparison of growth curves, derived using different methods
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Note: The observed volume (Obs) is from the independent field measurements of intensive-site sample plots in the
Kaxil Kiuic area; the DNDC estimates are from the model (Forest-DNDC) results for the same sample plots; the
INFyS estimates are calculated from the National Forest and Soils Inventory of Mexico for the moist and dry forest
types (for comparison). Independent field measurements for the dry forests were not available.

m?® ha! = cubic meters per hectare.

DNDC was also calibrated and validated for the Nez Pearce—Clearwater National Forest (NP) in Idaho,
US. Comparison with observations from 381 sample plots (results not shown) indicated that DNDC
performed well, with a proper slope (0.94) and a small intercept (5.87 Mg C ha™, about 7.4% of
observation average) of the regression model between observation and simulation. The simulated mean
(80.34 Mg C ha™) was only about 1.9% higher than the observed mean (78.83 Mg C ha™). A quantitative
evaluation concluded that DNDC performs well when estimating carbon sequestration in the NP forest
with high performance efficiency (Dai and Birdsey 2015). DNDC was parameterized for the Prince
George (PG) study site in British Columbia, Canada, but was not validated because of a lack of
independent observed data.

8.2 Forest carbon dynamics at the study sites

Carbon stocks in the forests of the area surrounding Kaxil Kiuic (the area of the Landsat scene used in
earlier Sections of this report) under conditions of disturbances were simulated using DNDC and spatially
explicit disturbance data. From 1984 to 2010, following disturbance, biomass increased linearly with an
increase in stand age, at a rate of about 2.3 Mg C ha™ yr* (Figure 8.3). The dynamics of several key
variables are depicted in Figure 8.3, which also shows interannual variations associated with disturbances.
Spatial variability was significant across the study area (Dai and Birdsey 2015). NPP varied spatially from
0.1t0 9.2 Mg C hayr" in 2010, due to differences in forest type, stand age and climate. High NPP occurs
in both moist and young forest areas, and lower NPP in drier and older forests. Similarly to NPP, NEP
and Rh varied considerably. NEP ranged between -3.1 and 6.9 Mg C ha™ yr in 2010. Rh ranged from 0.9
to 4.5 Mg C ha™ yr? in the same year.
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Figure 8.3 Temporal changes in NPP, NEP, NBP (Mg C ha™ yr) and aboveground biomass (Mg C ha™),
in the Yucatan Peninsula
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Note: NEP = net ecosystem production; NBP = net biome production; NPP = net primary production;
Mg C ha™ yr'' = megagrams carbon per hectare per year.

Similarly to in the Yucatan Peninsula, disturbances had a significant impact on carbon storage in the NP
forest (Figure 8.4). Harvests during the period from 1991 to 2011 reduced live biomass by about 1 Tg C,
including both above- and belowground losses. Other disturbances caused a larger loss of live trees than
did harvest over the same period—about 4.1 Tg C of live aboveground biomass lost to fires and insects,
of which most of the live biomass lost was added to the deadwood pools. These disturbances also left a
large amount of dead roots in the soils of the forest, which produced a subsequent increase in
heterotrophic respiration (Rh) due to decomposition. Fires caused significant loss of litter carbon, over 10
Mg C ha™, at the locations where canopy fires occurred. The spatial difference in carbon sequestration in
this forest varied considerably. The net primary production (NPP) and net ecosystem production (NEP)
ranged spatially from 0.4 to 6.5 Mg C ™ yr™, and -0.5 to 5.7 Mg C ha™ yr, respectively, in 2010, due to
differences in stand age caused by disturbances, harvest/thinning, insects, and fires. Similarly, Rh (Figure
8.4c) from this forest differed spatially, ranging from 0.4 to 2.6 Mg ha™ yr in 2010, due mainly to the
differences in heterotrophic respiration related to root mass and litter on the forest floor, and also to
organic matter in mineral soils.
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Figure 8.4 NPP, NEP and Rh in the Nez Perce-Clearwater National Forest, in 2010.
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Note: NPP = net primary production. Spatial NPP (g C ha™) in the forest of Nez Perce Clearwater National Forest in
2010; NEP = net ecosystem production. Spatial NEP (g C m™) in the Nez Perce Clearwater National Forest in
2010;Rh = heterotrophic respiration; g C ha™ yr* = grams carbon per hectare per year. Spatial Rh (g C m®) in the
Nez Perce Clearwater National Forest in 2010.

The temporal dynamics of carbon stocks in the PG forest show that disturbances have a substantial
influence on carbon storage in the forest (Figure 8.5), which was reduced in 1994 and 1997 by about
1242.1 and 304.7 Gg carbon through harvest, respectively, and by about 14.7 and 5.6 Gg carbon through
loss to land-use conversion from forest to non-forest, respectively. These disturbances led to a large
decrease in NBP so that the NBP negative in 1994, and to an increase in forest floor by about 300 kg C
ha™ on average in that year due to the production of residues (leaves and fine branches) left by harvest.
An average of about 940 kg dead roots remained in soils after the harvest in 1994. The residues,
especially those on the forest floor, produced a subsequent increase in CO, flux for a short time period
after the disturbance, due to decomposition.

Spatially, aboveground biomass ranged from 7.5 to 243.6 Mg C ha™ in 2010, with a mean of 94.2 Mg C
ha. Similarly to in the YP and the NP, this spatial difference in carbon density is mainly associated with
stand age and secondarily with climate. NPP, NEP, and Rh ranged from -58.4 to 550.9, -120 to 478.5, and
17.7 t0 172.1 g C m? yr, respectively, in the years from 1988 to 2012; the means were 172.6, 91.4 and
71.4 g C ha™ yr?, respectively (based on the formula [NEP = NPP — Rh — DOC — other losses]—which
includes C losses to dissolved organic carbon [DOC] and other pathways that are not included in other
models described in this report). These differences were mainly related to disturbances producing spatial
divergences in stand age.
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Figure 8.5 Temporal changes in landscape aboveground biomass, net ecosystem production, and net
biome production in Prince George Forest of BC, Canada
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8.3 Assessing impacts of climate variability and disturbances on carbon
sequestration, using scenarios and a process model

Climate data for a 33-year period (1981-2013) were used to assess the impact of climate variability on
carbon sequestration in the YP. Figure 8.6a shows that temperature rise can significantly decrease carbon
storage in dry forests in the YP (P<0.05). However, carbon storage in moist forests in this area can
significantly increase with higher temperature (Figure 8.6b; P<0.01).

There is also a difference in the impact of precipitation fluctuation on the carbon storage in stands,
between dry and moist forests in this area. The aboveground biomass of dry forests increases at a low rate
of about 11 kg ha™ yr* with an increase in precipitation of 100 mm (Figure 8.6c; P<0.05). However,
biomass in moist forests in this area increases at a higher rate (86 kg ha™ yr) with an increase in
precipitation of 100 mm (Figure 8.6d; P<<0.001). The carbon stocks in the dry forest increase only
slightly with an increase in precipitation, due mainly to a specific hydrogeological environment, thin soil
covering on limestone bed rock (Perry et al. 2003), and an imbalance between precipitation and
evapotranspiration in this area (Dai et al. 2014).
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Figure 8.6 Impact of temperature and precipitation on annual mean biomass change (kg C ha™ yr) in
dry forest and moist forest

a) Dry forest h) Moist forest
1400 4000
5 O €
== ==
® 8 ‘ ® O oS -
= 0O O = - - )
01200.@ O @) O © 3500 A1 O ’¢@
o = / e 9 -~ - @ O
9 '%‘ © @ O
21000 - 530001\ _ 476.42x- 10737
& y =-31.276x + 2256.5 § R?=0.17868
£ R = 0.0366 S
2500
800 T T
25.5 26 26.5 27 25 255 26 26.5 27
Air temperature (°C) Air temperature (°C)
c) Dry forest d) Moist forest
1400 4500
T T
> >
p ® 4000 1 -
=
1200 1 o <~ O
g 2 P
p=s = 3500 1 W’Qﬂ
"
o w
51000 1 E 3000 ®
R4 o - -
2 y=0.11x + 13292 3 YOO L 0
é R?=0.0368 § =
800 T T T T = 2500
750 850 950 1050 1150 1250 1000 1200 1400 1600 1800 2000

Annual precipitation (mm)

Annual precipitation (mm)

Note: kg C ha™ yr* = kilograms carbon per hectare per year

Analysis of climate variability on carbon stocks in the NP shows that climate variability can substantially
affect carbon stocks in the NP forest (data not shown). Aboveground biomass in NP increases with an
increase in temperature, at an average rate of about 248 kg C ha™ per °C increase. Biomass can
substantially decrease with an increase in precipitation, at a rate of about 98.5 kg C ha™ per 100 mm, the
opposite impact of precipitation increases in the Yucatan, where biomass is predicted to increase with
higher precipitation. However, there are some divergences in the impact of precipitation on carbon stocks
in this forest, among the vegetation types. The biomass in the forestlands dominated by Ponderosa pine,
subalpine fir and subalpine spruce does not decrease substantially with an increase in precipitation
(R=0.107, n=204, P>0.1 for subalpine fir and spruce; R=0.145, n=51, P>0.2 for ponderosa pine).

The DNDC model was also used to assess the potential effects of disturbances and climate change on
carbon stocks, using four scenarios compared with a baseline that includes ground fire (S-F); thinning (S-
TH); hurricane (S-HR); and multiple effects (S-ME)—the last of which assumed a temperature rise of
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2°C accompanied by an increase in precipitation of 10% per °C, combined with all the aforementioned
factors (Table 8.3). Stand age, vegetation structure and soil conditions for simulating the effect of climate
change on carbon dynamics under all scenarios were the same as those for the baseline scenario (S-BL).
We ran the model to assess the effect of climate change on carbon sequestration in the Kaxil Kiuic forest
for a 75-year period, using the scenarios compared with the baseline. We assumed that: (1) trees
regenerated from the first year of this 75-year period, and (2) no other disturbances apart from climate
change occurred in this forest during the simulation period.

Table 8.3 Scenarios for simulating the response of carbon sequestration in the Kaxil Kiuic forest to
selected disturbances and climate change

Disturbance Type | SimulationCode Scenario Description

A low-intensity ground fire was assumed to occur in the 30th year after forest regeneration; the mean forest
Fire S-F floor loss to the fire was estimated using a fuel consumption coefficient derived from the study for the fuel
consumption on Upper Coastal Plain, in South Carolina, US, conducted by Goodrick et al. (2010).

A forest management practice was assumed to cut 20% of the overstorey and 90% of the understorey in the
Thinning S-TH 40th year; the overstorey cut by thinning was considered as a forest harvest; and 70% of the understory cut
was merchantable; tree crown and non-harvestable woody materials were left in the field during thinning.

A hurricane categorized as a class IV storm was assumed to pass through the whole forest, with a wind speed of
Hurricane S-HR 250 km hr-!, in the 50th year; salvage logging was 70% of the trees destroyed due to the wind damage; and we
assumed that the forest after this hurricane was from natural regeneration, with wood residues.

We assumed that carbon sequestration would be affected by multiple factors, including thinning (S-
Multiple effects S-ME TH), burning (S-F), hurricane (S-HR), and an increase in air temperature accompanying an increase in
precipitation (S-TP), or S-ME = S-F + S-TH + S-HR + S-TP.

Baseline S-BL The 75-year climate dataset used in the model validation (see Model Setup and Validation) was used as baseline.

Note: All climate change scenarios were designed based on current climate conditions for a 43-year period, 1970-
2012.

Thinning practice

The simulated result under thinning (S-TH) (Figure 8.7) indicates that an intensive thinning, in which
20% of overstorey and 90% of understorey were cut at age 40 years, substantially reduced carbon storage
in the semi-dry forest. Aboveground biomass decreased by 28 Mg C ha™ (from 82 to 54 Mg C ha™), of
which about 21.5 Mg C ha™ were harvested as forest product and 6.5 Mg C ha™ were left on the forest
floor, mainly from the understorey because 30% of that forest layer was assumed to be non-harvestable
(Table 8.3). After the thinning the remaining biomass increased significantly.
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Figure 8.7 Impacts of a low-intensity ground fire, thinning, hurricane, and multiple disturbances plus
warming, on biomass carbon stocks in the semi-dry forest in the Yucatan Peninsula relative to the
base scenario
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Note: Mg C ha’ = megagrams carbon per hectare; A = difference in carbon stock between base scenario and
scenario; S-F = fire scenario; S-TH = thinning scenario; S-HR = hurricane scenario; S-ME = scenario of multiple
disturbances (effects) plus warming. Note that the ground fire in year 30 of the S-F scenario had only a negligible
effect on ecosystem carbon stocks.

After reducing stand biomass through thinning, the mean biomass increment of the remaining stand
following the S-TH management was, relative to the simulation with no thinning, 360 kg C ha™ yr*
higher in the first 10-year period and 285 kg C ha™ yr* higher over 30 years. This indicates that forest
thinning can increase carbon removal rates from the atmosphere in this semi-dry forest.

Storms

The simulation results of the hurricane (S-HR) demonstrated substantial influence on carbon sequestration
in this tropical forest (Figure 8.7). A large loss of live biomass storage occurs during a disastrous storm
but most of this biomass is added to the dead organic matter pools, with no net loss in ecosystem carbon
until dead trees are salvage-logged or start to decompose. Figure 8.7 showed that S-HR decreased carbon
storage in the forest by 86%, due to destruction of the forest, and S-HR added about 31.9 Mg C ha™ to the
forest floor (Figure 8.8) because we assumed a high rate of salvage logging (70%).

Carbon sequestration in forests can recover quickly after hurricanes. The results from the S-HR
simulation showed that, similarly to with thinning, carbon sequestration rates in the forest increased
relative to the baseline (S-BL) by over 915 kg C ha™ yr* within several years after S-HR.
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Fires

A low-intensity ground fire (S-F) can cause a small decrease in aboveground biomass. The simulated
result under S-F (Figure 8.7) showed a decrease in biomass in year 30 of about 0.8 Mg C ha™ in total
during the burning. However, aboveground biomass can significantly (R?=0.999, n=42, P<0.001)
increase at a low rate, but the burning can bring a large carbon loss to atmosphere (see below).

Changes in soil carbon pool under disturbances

Fires can cause a large carbon loss to air—about 3.0 Mg C ha™, based on this simulation (S-F)—due to
burning of shrubs/small trees and forest floor. The result for the simulation under a ground fire scenario
(S-F) showed a decrease in soil carbon pool (Figure 8.8), due primarily to a decrease in forest floor burnt
by the fire. However, a forest floor can recover within several years following the fire event.

Figure 8.8 Potential effects of disturbances and climate change on soil carbon pool relative to the base
scenario in the Kaxil Kiuic forest of the Yucatan Peninsula
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Note: Changes in soil carbon pool = the net increments under different scenarios relative to base scenario;

Mg C ha™ = megagrams carbon per hectare; A = difference in carbon stock between base scenario and scenario; S-F
= fire scenario; S-TH = thinning scenario; S-HR = hurricane scenario; S-ME = scenario of multiple disturbances
(effects) plus warming.

Simulated results demonstrated that S-HR substantially disturbed the soil carbon pool because a strong
storm adds debris to the forest floor and dead roots to mineral soils. The impact of debris and dead roots
on the soil carbon pool decreases over 10 years due to a fast decomposition of organic matter under
tropical climate (Figure 8.8). Changes in Rh (Figure 8.9) also indicate that the influence of a strong storm
on the soil carbon pool diminishes within several years after the event (Dai et al. 2013).

The impact of thinning on the soil carbon pool depends strongly on thinning intensity and harvest rate. A
large amount of biomass and root residues can be added to the forest floor and mineral soil (Figure 8.8)

Commission for Environmental Cooperation 80



Integrated Modeling and Assessment of North American
Forest Carbon Dynamics

after thinning. Similarly to with a disastrous storm, the debris and dead roots from a thinning practice can
decompose fast in the tropical climate, producing a high Rh for a short period after thinning (Figure 8.9).

There are differences in changes in Rh (Figure 8.9) under the various disturbances (S-F, S-TH and S-HR).
The impact of a ground fire (S-F) on Rh (Figure 8.9) is small, due to a low fuel loading of less than 400 g
C m™ on average before the fire (S- F), which reflects fast decomposition in tropical climate. Moreover,
coarse woody debris and standing deadwood are typically not consumed in a ground fire unless there is
high fuel loading.

Figure 8.9 Potential effects of disturbances on heterotrophic respiration (Rh) relative to the base
scenario in the Kaxil Kiuic forest of the Yucatan Peninsula
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g C m? = grams carbon per square meter; A = difference in carbon stock between the base scenario and a given
disturbance scenario; S-F = fire scenario; S-TH = thinning scenario; S-HR = hurricane scenario; S-ME = scenario of
multiple disturbances (effects) plus warming.

Thinning (S-TH) and strong storms (S-HR) can generate large amounts of debris and dead roots, leading
to a temporary increase in forest floor and dead roots, which is followed by increased heterotrophic
respiration (Figure 8.9).
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9. Comparing Results from Different Modeling Approaches and Data
R.A. Birdsey, Z. Dai, D. Greenberg and W.A. Kurz

In this chapter we review common approaches, using empirical and process models, to estimating carbon
stocks and stock changes and show some examples of model calibration, validation, and comparisons of
results from different models and data. Such comparisons improve understanding of the ecosystem
responses to perturbations, and can lead to greater certainty about how the system will respond in the
future to anthropogenic or natural factors.

Availability of data representing the population of interest is a prerequisite for estimating carbon stocks
and stock changes. As described earlier, the three countries have interest in estimates at national, regional,
state, project, and other scales. Yet data are seldom available that are fully representative across this broad
range of scales and for the different forest types and activities (including natural disturbances) that are
common or of particular interest. However, all three countries have substantial forestry data assets that
can support estimating carbon stocks and stock changes at multiple spatial and temporal scales, all of
which involve modeling to varying degrees because it is not possible to directly measure ecosystem
carbon stocks or stock changes. The available data typically include variables such as tree diameters and
heights, wood density, and leaf area that may be related to carbon stocks. Measured variables must then
be related to the variables of interest, using a modeling method.

9.1 Model calibration

Model calibration involves the initial testing of a model and if necessary, adjusting model parameters,
based on empirical observations, to reflect the specific conditions to which the model will be applied.
Because model results are inherently uncertain, it is important to properly calibrate and validate models
prior to widespread applications of model results.

In practice, empirical models are well suited to representing changes in the different carbon pools due to
impacts from management activities, fires, pests, and land-use change; to quantifying the uncertainty of
directly measured carbon pools; and to validating the independent estimates from process models (Kurz et
al. 2009; Shaw et al. 2014; Stinson et al. 2011). However, using empirical models to extrapolate in time
and space should be done cautiously and with acknowledgement of possible sources of error or bias such
as failure to account for rising CO, concentrations or for changes in growing-season length (Kurz et al.
2013). Empirical models should be validated if applied to a different population from that represented by
the data used to parameterize the model. Process models are, in theory, more useful for simulating forest
ecosystem response to changes in climate or the concentration of atmospheric CO,, and may be used to
make estimates or projections outside the spatial and temporal boundaries of the data used for
parameterization. In practice, numerous comparisons of process model predictions have demonstrated
lack of agreement on the magnitude, and at times even the direction of ecosystem responses to
environmental changes (Huntzinger et al. 2012; Wang et al. 2011). Therefore, ongoing research and
monitoring of past tree growth and of mortality rate responses to changes in atmospheric CO,
concentration and climate are required (Hember et al. 2012). It is important to calibrate process models to
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reflect the environmental and vegetation conditions of the target populations, and to validate them with
independent data sets before attempting to use them outside the range of parameterization data.

In this carbon modeling project we allocated a considerable amount of time to examining data sets and
applying empirical and process models of various kinds as described in this document and, in more detail,
in the individual consultant reports and related peer-reviewed publications (Birdsey et al. 2013; Dai et al.
2014; Greenberg 2015). However, we did not have sufficient time or resources to fully identify the
underlying reasons for different results. Here we provide some examples of model calibration, validation,
and comparisons between models, using the Nez Perce—Clearwater National Forest (NP) in the US as an
example. We chose to highlight this pilot study area because all of the required data and modeling
elements are available, including good independent data for validation. In the summary of this section we
will refer to some of the challenges of implementing this phase of the work at the other pilot study sites,
because there are some useful lessons to be learned and applied in phase 2 of this project.

DNDC was calibrated before application to the NP by comparing selected input variables to data
collected at sample sites in the NP. The main tunable parameters are presented in Table 9.1. Other
parameters, including soil, climate and vegetation type, should not be revised, unless those data are not
obtained from observations or reliable estimations. The result of the model calibration, using 203 sample
plots with a stand age range of 4-215 years in 2012, and all main tree species in the NP, shows that the
simulated aboveground biomass from DNDC is in good agreement with the observations (Dai and
Birdsey 2015).

Table 9.1 Tunable parameters for estimating carbon stocks, using DNDC

Parameter Annotation Example
AmaxA Photosynthetic constant (pmol COZE-l s-1) 15.2 t0 15.0, representing values for spruce in Russia and NP
{ AmaxB Photosynthetic coefficient (no unit) 22.5t0 25.0, representing values for spruce in Russia and NP
start GDD Accumulated degree days at start of plant growth
’ end GDD Accumulated degree days at the end of plant growth

Note: pmol CO, g™ s = micromole carbon dioxide per gram per second; NP = Nez Perce—Clearwater National
Forest.

For NP, validation of the calibrated DNDC model against observations from 381 sample plots (from the
national forest inventory) is shown in Figure 9.1, indicating that DNDC performed well and had a proper
slope (0.94) and a small intercept (5.87 Mg C ha™, about 7.4% of observation average) of the regression
model between observation and simulation. The simulated mean (80.34 Mg C ha™') was only about 1.9%
higher than the observed mean (78.83 Mg C ha™). In addition, analysis of four quantitative evaluation
variables (E = 0.83, R? = 0.94, PBIAS = -0.02 and RRS = 0.41) concluded that DNDC performs
excellently in estimating carbon sequestration in the forest of NP with high performance efficiency. Based
on the model performance rating, DNDC performance for assessing carbon stocks in stands over the
forest of NP was within the range of “very good” (E>0.75; RRS<0.7; -25<PBIAS<25) (Dai and Birdsey
2015).
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Figure 9.1 Model validation: Observed aboveground biomass vs simulated using biomass Forest-DNDC
for the forest in Nez Perce—Clearwater National Forest, in Idaho, US
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9.2 Model comparison

The models and data used for comparing results are briefly described in Table 9.2. Note that we include
results from one model that was not part of the CEC project but was applied to the NP forest as part of
another project. Figures 9.2 through 9.4 illustrate the results for selected variables. Estimates of the
carbon density in aboveground biomass (Figure 9.2) are nearly identical for three of the models (InTEC,
CCT, and CBM-CFS3) and also nearly identical for the Forest Inventory and Analysis (FIA) data (2003
only) and DNDC. One of the main reasons for these two groupings’ differing by 10% or so is that
different sets of biomass equations were used. FIA now uses the “component ratio method” (CRM)
(Chojnacky 2012), and this approach to estimating biomass is reflected in the Carbon Calculation Tool
(CCT) results, which are derived from FIA data. The FIA estimates reported for 2003 used an earlier set
of biomass equations (Jenkins et al. 2003) that generally produced significantly higher results compared
with the CRM method (Chojnacky 2012). Another factor influencing biomass estimates is the
classification of vegetation into types, which is not consistent among models; and also, both the FIA and
CCT biomass estimates are not compiled by vegetation type but rather by individual species, from data
collected at sample plots. Estimates of biomass for individual trees are then summed up to the population
total and divided by the area to get average biomass density. Therefore, the approach to assigning weights
to each sample plot based on sampling probability was inconsistent among approaches. Estimates of total
biomass (right side of Figure 9.2) do not exactly follow the relative pattern of average biomass density for
the different approaches, indicating that the area estimates are not the same among the different
approaches. FIA and CCT use the same areas, but in CCT the area changes over time whereas the area
used by Intec is constant and derived slightly differently since Intec is a spatially explicit model. Also, the
area estimates for different forest classifications are not the same, contributing to inconsistency of
landscape-scale aboveground biomass estimates. This is just one example of the complexity that makes
direct comparison of model estimates so challenging.
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Table 9.2 Description of data and models used in the model comparison for Nez Perce-Clearwater
National Forest

Data or Model Brief description

Data collected by the US national forest inventory, using a standard sampling grid and methodology.

Entaetineniery ani Anty=s (1) dats The average measurement date for this study is 2003.

Tool used to statistically combine, interpolate and extrapolate the national forest inventory data
Carhon Calculation Tool (CCT) for a state or region of the US, to support annual GHG inventory reporting from 1990 to the present
(Smith et al. 2007).

Empirical model of tree growth, with process respresentation of dead organic matter and soil carbon
Carbon Budget Model (CBM-CFS3) dynamics (Kurz et al. 2009). For the NP simulations, it was used in a spatially-explicit simulation
using default parameter values without any additional calibration.

Hybrid empirical and process model driven by remote -sensing data, disturbances, and productivity
estimates, that has been calibrated to FIA data, and validated for application in the conterminous
US (Zhang et al. 2012) and at the scale of individual National Forests.

Integrated Terrestrial Ecosystem Carhon
Model (Intec)

Spatially-explicit process model simulating effects of forest growth, carbon and nitrogen dynamics,
and emissions of trace gases on the balance of water, light, and nutrients in forest ecosystems (Li
et al. 2000). The model was calibrated and validated with independent data, where available.

Forest DeNitrification-DeComposition
Model (DNDC)

Figure 9.2 Average and total aboveground biomass, estimated with different methods, for the Nez
Perce—Clearwater National Forest
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Note: AGB = aboveground biomass; C = carbon; Mg ha™ = megagrams per hectare; Gg = gigagrams; FIA = Forest
Inventory and Analysis data; INTEC = Integrated Terrestrial Ecosystem Carbon model; CCT = Carbon Calculation
Tool; DNDC = DeNitrification-DeComposition Model; CBM-CFS3 = Carbon Budget Model of the Canadian Forest
Sector. See Table 9.2 for description of methods used.
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Figure 9.3 Average deadwood carbon density and litter carbon density, estimated with different
methods, for the Nez Perce—Clearwater National Forest
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Model; CBM-CFS3 = Carbon Budget Model of the Canadian Forest Sector. See Table 9.2 for description of

methods used.
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Figure 9.4 Average net primary production (NPP), average net ecosystem production (NEP), net biome
production (NBP), and net carbon emissions due to disturbances, estimated with different methods,
for the Nez Perce—Clearwater National Forest
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Note: g C m™ = grams carbon per square meter; y™* = per year; DNDC = DeNitrification-DeComposition Model;
CBM-CFS3 = Carbon Budget Model of the Canadian Forest Sector. See Table 9.2 for description of methods used.

Deadwood is another important carbon pool strongly affected by natural disturbances. The differences
among methods are more pronounced in terms of percentages than the differences for aboveground
biomass, although the groupings are similar (Figure 9.3). Deadwood estimates are affected by the
selection of biomass equations and the estimation approach used, just like livewood, and also the
modeling approaches are quite different. Even the FIA “data” are actually based in part on an empirical
model rather than being a direct calculation based on field measurements. Field measurements are
routinely made only for standing-dead trees and not for downed-deadwood, which is measured on only a
subset of inventory plots. These downed-deadwood data are used to formulate a simple model for
deadwood density based on livewood density (Woodall et al. 2008). DNDC generates deadwood
estimates based on disturbance data because empirical data from inventories are not used as an input, and
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thus the buildup of deadwood is affected by the period of known and simulated disturbances. Estimates of
the carbon density of litter are even more divergent and show an opposite pattern among approaches,
compared to that for deadwood (Figure 9.3). It is possible that opposing differences in these pools also
reflect different definitions of the components that are included in each pool. For example, DNDC and
CBM-CFS3 have the highest and lowest estimates of deadwood carbon densities, respectively. But they
have the lowest and highest estimates of litter pools. The difference among the four models in the
combined litter and deadwood pools are considerably smaller than the differences in the individual pools.

Estimates of NPP, NEP and NBP are significantly different among CBM-CFS3, DNDC, and InTEC, and
the causes of differences are hard to identify (Figure 9.4). One model, INTEC, estimates the highest rates
of NPP, and yet predicts a carbon source (NEP<0, NBP <0). INTEC estimates the highest rates of
heterotrophic respiration (the difference between NEP and NPP) and estimates direct losses from
disturbances that are similar to those estimated by CBM-CFS3. The annual average NBP estimates are
highest for DNDC (108.3 g m? yr), lowest (and negative) for INTEC (-72.7 g m? yr™), with CCT (51.4 g
m? yr') and CBM-CFS3 (31.7 g m? yr™) estimating intermediate rates of NBP. The two process-based
models differ in sign of Net Biome Production estimate and are at opposite ends of the range of estimated
values.

A very significant factor underlying these differences among approaches is related to age classifications,
which may consider both a young forest and a degraded forest (e.g., from a high-severity disturbance) as
the same age, whereas these two would have very different estimates of decay from deadwood and other
carbon pools. Stand age differences also affect the estimates of disturbance impacts that are obtained by
the different approaches. Data-based approaches rely on observed values for deadwood and litter pools,
applied by developing empirical models to represent how these pools are related to stand age and forest
type. Process models are more likely to generate these pools based on history of disturbances, and
therefore are limited by knowledge of past disturbances and land use.

Further research based on updated forest inventories, intensive site measurements and repeated ground
plot measurements will be required to identify, quantify, and reduce uncertainties as far as is practicable.
Models can be improved through the application of rigorous comparisons of model predictions against
ground plot measurements (Shaw et al. 2014), permanent sample plot measurements (Hember et al.
2012), and through data-model assimilation (Hararuk and Luo 2014; Hararuk et al. 2014).

9.3 Lessons learned from model comparisons

In summary, the comparison of estimates from empirical and process models, not only in NP but in the
other pilot study sites, has resulted in some lessons that can help guide similar efforts.

e Model calibration is an important consideration when applying a model to a different region or
forest type from that used to develop the original application.

o \When possible, it is strongly recommended that model results be compared with independent data
sets for validating results. This is particularly important when a model is applied to a different
population from that used for developing the model application.

e A high level of skill may be required to use empirical and process models. Both classes of model
usually require significant efforts for acquiring and managing the input data, which may not be
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readily available, representative of the region or forest type of interest, or properly prepared for
the model. As a general rule, empirical models are easier to understand and require fewer input
data, whereas process models usually involve detailed representation of mechanisms and their
response to environmental drivers, which should be well understood by the analyst.

o Model comparisons are always difficult to perform. Different models have different data
requirements, may or may not be spatially explicit, may include representation of different
environmental drivers, and may use different definitions of variables and pools. Sorting out these
differences is labor intensive and may not always be possible unless well planned from the start.

Some of the important lessons learned about harmonizing data inputs to the different models from this
project are as follows:

o Area estimates must be harmonized among models. Inconsistencies may involve discrepancies
among forest area estimates, forest type classifications, and age estimates. Area differences may
be related to whether the area data are spatially explicit or spatially referenced and to how the
data were derived. Differences in area can be overcome partly by comparing carbon stock density
and flux density values, i.e., estimates expressed on a per unit area basis.

e Age assignment and disturbance history are critical variables for carbon modeling and should be
reconciled among models. This is especially true in tropical regions, where forest degradation and
lack of obvious age of trees may make age assignments difficult to employ.

e Area classification, such as forest type, needs to be harmonized with variables pertaining to the
forest type classification, such as average carbon stocks or productivity estimates, and with age or
disturbance classifications.

e Activity data, including the impacts of disturbances on carbon pools and emission, also need to be
harmonized because forest management, natural disturbances and land-use change are the
dominant drivers of carbon dynamics in North American forest ecosystems.
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10. Next Steps: Forests and Forest-sector Contributions to Mitigating
Climate Change Impacts

W.A. Kurz, R.A. Birdsey, E. Serrano and K. Richardson

The forest sector is expected to play an important role in domestic GHG mitigation portfolios in Canada,
Mexico and the US, and the potential to do so is large in the medium to long term (McKinley et al. 2011;
Smyth et al. 2014). As shown in this report, the primary drivers of forest carbon stock changes, emissions
and removals differ among the three countries, but for each country, opportunities exist to reduce
emissions and increase removals of GHG through changes in forest management, reduction of emissions
from deforestation and degradation, and the expanded use of products derived from forests.

The IPCC has emphasized the need to take a system’s perspective when designing climate change
mitigation strategies in the forest sector: assessing the climate benefits of proposed mitigation activities
requires the evaluation of the net GHG emissions resulting from changes in carbon stocks in forest
ecosystems and harvested wood product carbon pools, as well as the avoidance of emissions that result
from the use of forest products to substitute for other emissions-intensive materials such as concrete,
steel, plastics, and fossil fuels (Lempriére et al. 2013; Nabuurs et al. 2007).

This study has demonstrated the use of carbon budget models to quantify the GHG emissions and
removals associated with forest management and land-use decisions. These models can estimate and
report the rates of lateral carbon transfer from forests to other sectors of society. The combined average
annual harvest in North America is about 625 million m* wood under bark (FAO 2015, Table 24), for the
period 1990 to 2011, with 2011 values about 75% of the average). This annual harvest represents a carbon
transfer in wood that is equivalent to more than 600 Tg CO, yr. How this carbon is used will affect
North America’s GHG balance.

New forest carbon reporting and accounting rules (IPCC 2006, 2014a) that came into effect in 2015
replace the assumption that any material removed from the forest is instantly oxidized and released to the
atmosphere with a requirement to account for the fate of carbon removed from the forest. Countries are
now expected to report carbon storage in harvested wood products (HWPs) that are produced from all
wood harvested in the country, and to track storage and emissions of carbon regardless of where in the
world the wood products are used. This reporting methodology, which is based on the IPCC “Production
Approach,” increases the need to understand the fate of carbon in HWP domestically and in export
markets (IPCC 2006, 2014a). Moreover, by quantifying the carbon storage, half-life, and release from
HWP, opportunities can be identified to prolong carbon retention in HWP. For example, the IPCC default
half-life for carbon in pulp and paper products is two years, while that in sawn-wood commodities is 35
years. Thus, shifting wood use from short-lived to longer-lived products can contribute to climate change
mitigation (Lempriére et al. 2013; Smyth et al. 2014; Werner et al. 2010). Cascading wood use strategies
that maximize carbon retention at every stage in the life cycle can contribute to climate change mitigation
(Hoglmeier et al. 2015).
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Using wood instead of other materials or fossil fuels can also benefit GHG balances. However, so-called
substitution benefits that arise through the displacement of emissions-intensive materials with wood
products are typically observed and reported outside the forest sector. For example, if wood use reduces
demand for concrete or steel, the associated emission reductions are reported elsewhere, both in other
sectors and, at times, in other countries. For example, the export of wood pellets from North America to
Europe is associated with carbon stock reductions in forests in North America, reported emissions in
North America from the burning of pellets in Europe, and reductions in fossil fuel emissions in Europe.

Developing policies that address climate change mitigation objectives in the forest sector therefore
requires new tools and the supporting data to quantify carbon storage in HWP, as well as the substitution
benefits that may result from wood product use in North America or in export markets. The next phase of
this CEC-funded project will conduct research aimed at developing, testing and harmonizing models and
approaches in the three countries that will inform policy makers about the potential of the North
American forest sector to contribute to climate change mitigation. In addition to researching and
improving the science-based tools that can inform policy, the project will facilitate trinational
communication, information exchange, and capacity building so that the scientific and policy
communities can design, assess and potentially implement forest-sector activities that can contribute to
meeting national GHG emission reduction targets.

The next phase of this project will use the models of carbon dynamics in forest ecosystems that were
studied in phase 1 in combination with models of carbon dynamics in HWP to quantify the GHG impacts
of various forest-sector mitigation options to meet national objectives of GHG emission reductions, for
selected landscapes in Canada, Mexico and the US. The project will focus only on representative, selected
landscapes in all three countries—national-scale analyses of mitigation options will remain the
responsibility of respective national agencies, but such national analyses can be informed by the results of
this coordinated research project. This work will also facilitate the development of mitigation strategies at
the continental scale that take strategic advantage of the most effective options in each country.
Coordination under the sponsorship of the CEC will enable the project team to identify and analyze the
most efficient GHG mitigation options and improve understanding of regional differences between the
available mitigation options and their mitigation potentials. If implemented, they can make significant
long-term contributions to reducing GHG emissions in each country.

The next phase of this project will also continue to improve the available models for assessment of carbon
stocks and GHG balances in forest ecosystems through ongoing validation and model testing, and by
enhancing and harmonizing the linkages between remote sensing-derived information on activities (forest
management, land-use change, and natural disturbances) and regional forest carbon balances.

Improving the transparency, accuracy, and completeness of forest-sector GHG emissions and removals
estimates will increase the likelihood that mitigation strategies in North America’s forest sector are
identified, quantified and implemented. Information generated from this research will enable the forest
sector to make material contributions to GHG emission reduction targets in North America through
reductions in deforestation and degradation, and through sustainable forest management and the use of
harvested wood products.
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