Integrating field and remote sensing approaches to
evaluate ecosystem services from agriculture in
smallholder landscapes

by
Sean Patrick Kearney

B.A., Western Washington University, 2008
M.Sc., The University of California, Davis, 2011

A DISSERTATION SUBMITTED IN PARTIAL FULFILLMENT OF THE REQUIREMENTS
FOR THE DEGREE OF

DOCTOR OF PHILOSOPHY
in

The Faculty of Graduate and Postdoctoral Studies

(Land and Food Systems)

THE UNIVERSITY OF BRITISH COLUMBIA
(Vancouver)

April 2017

© Sean Patrick Kearney, 2017



Abstract

Agriculture now covers over a third of the Earth’s terrestrial surface, and
smallholder farmers alone manage over a billion hectares globally. As stewards of
the land, smallholders do much more for human well-being than just harvest useful
products. However, a conventionally narrow focus on productivity over the last half-
century now threatens ecosystem health and long-term agricultural production,
particularly as global climate change accelerates. Agroecological and ‘climate-smart’
agricultural (CSA) practices have been proposed to both mitigate climate change
and build resilience by enhancing multiple ecosystem services (ES), and policies are
emerging to incentivize the adoption of such practices. In order to (1) better
understand how agroecological and CSA management alternatives impact multiple
ES, and (2) contribute to operationalizing monitoring of ES in smallholder
landscapes, [ present research from El Salvador combining field methods and

remote sensing analysis to evaluate multiple ES.

Using data from on-farm field trials, I developed composite ES indices to
demonstrate distinct benefits and synergies among multiple ES from agroforestry
and, to a lesser extent, organic management (i.e., CSA) compared to conventional
management. I also identified a subset of easy-to-measure field proxies that
correlate well with multiple ES, and proposed an improved method to compare

relative erosion resulting from different land management practices.
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At the landscape scale, I focused on emerging techniques to map aboveground
woody biomass (AGWB) - a large terrestrial carbon sink and indicator of
agroforestry management - using high-spatial-resolution satellite imagery and
airborne laser scanning (ALS). I showed how satellite data could be used to quantify
AGWB at the watershed to landscape scale with uncertainties of less than 5%, and
suggest that a singular focus on plot-scale uncertainty limits the operationalization
of satellite-based approaches to monitor AGWB. I also present a novel approach to
using ALS that improves the accuracy of measuring AGWB in trees outside of forests
(e.g., agroforestry, hedgerows) and apply it to show that these trees contain
substantial AGWB within smallholder landscapes, further demonstrating the ES

benefits of agroforestry.

This dissertation contributes to designing simple and cost-effective monitoring
strategies to help operationalize policies promoting management practices that

enhance multiple ES in smallholder agriculture.
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Lay abstract

Agriculture today covers more than a third of the Earth’s land surface, and
smallholder farmers manage about 25% of all agricultural land. Over the last half-
century, a narrow focus on increasing agricultural production at the expense of
other benefits that nature provides (often called ‘ecosystem services’) now
threatens global environmental health and long-term agricultural production. The
key goals of this dissertation were to (1) better understand how agricultural
management alternatives impact ecosystem services, and (2) contribute to practical
methods for monitoring these services in smallholder landscapes. I present research
from El Salvador combining field methods and remote sensing (e.g., satellite
imagery) to evaluate the impacts of agroforestry and organic management on
multiple ecosystem services, and show that these alternatives provide distinct
benefits compared to conventional management. My methods contribute to
designing simple and cost-effective monitoring strategies to operationalize policies
promoting management that enhances multiple ecosystem services from

smallholder agriculture.
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Preface

This dissertation is structured as a series of four manuscripts (Chapters 3 - 6)
written for publication in peer-reviewed journals, contextualized and tied together
with an introduction (Chapter 1), a description of the study area (Chapter 2) and a
conclusion (Chapter 7). I developed the overarching objectives of this dissertation
through discussions with my supervisory committee. Manuscript chapters were
modified slightly from the versions submitted to journals to avoid redundancy and
improve the readability of the dissertation. Writing of individual manuscripts, and
the approaches to data analysis and interpretation, are my own work, with critical

feedback provided by the co-authors of each manuscript, as listed below:

Chapter 3: Kearney, S. P, Fonte, S. ], Garcia, E. D,, Siles, P., Chan, K. M. A, & Smukler, S. M.
(2017). Evaluation of synergies and trade-offs among multiple ecosystem services in
agroforestry systems. [In review]

Chapter 4: Kearney, S. P, Fonte, S. ]., Garcia, E. D,, Siles, P., & Smukler, S. M. (2017).
Improving the utility of erosion pins: absolute value of pin height change as an
indicator of relative erosion rates. [In review]

Chapter 5: Kearney, S. P, Coops, N. C,, Chan, K. M. A, Fonte, S. ],, Siles, P., & Smukler, S. M.
(2017). High-resolution carbon mapping to support investments in ‘climate-smart’
agriculture: making the case for a landscape approach. [In review]

Chapter 6: Kearney, S. P., Coops, N. C., & Smukler, S. M. (2017). A simplified approach to
mapping tree biomass in heterogeneous landscapes with airborne laser scanning.

[In prep]

In the process of preparing the chapters included in this dissertation, I also wrote a

related chapter for an edited book published put together by the Climate Change,



Agriculture and Food Security research program within the CGIAR (Consultative
Group for International Agricultural Research). This chapter, cited within my

dissertation, is listed here:

Kearney, S. P., & Smukler, S. M. (2016). Determining Greenhouse Gas Emissions and
Removals Associated with Land-Use and Land-Cover Change. In T. S. Rosenstock, M.
C. Rufino, K. Butterbach-Bahl], E. Wollenberg, & M. Richards (Eds.), Methods for
Measuring Greenhouse Gas Balances and Evaluating Migration Options in Smallholder
Agriculture. Springer. https://doi.org/10.1007/978-3-319-29794-1_3
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1 Introduction

1.1 Background and motivation

1.1.1 Agriculture as a global force and the concept of ecosystem services

Agriculture has become a dominant feature of the land cover of our planet, with
cropland and pasture combined covering about a third of Earth’s land surface
(Ramankutty et al., 2008). Agricultural production provides humans with the food
we need to survive, fibre for clothes and other materials and, increasingly, a host of
other products ranging from rubber to cosmetics to biofuels. However, there is no
question that agriculture’s prolific presence is also having a profound impact on the
environment, progressively weakening the ability of ecosystems to support life
(Barnosky et al., 2014; Foley et al., 2005; Millennium Ecosystem Assessment, 2005).
The impacts are being felt at multiple spatial scales: land degradation from soil
erosion and nutrient depletion is threatening long-term agricultural productivity
within individual fields and watershed (Dixon et al., 2001); we are witnessing an
unprecedented loss of wildlife habitat and biodiversity across landscapes and eco-
regions, largely due to agricultural expansion and intensification (Green, 2005) and;
agricultural production and land use change together account for about 20 - 25% of
global anthropogenic greenhouse gas (GHG) emissions (Edenhofer et al., 2014;
Tubiello et al., 2015). An international effort is underway to develop innovative

policy mechanisms to address these issues and others, but designing such policies



requires greater understanding of how alternative land management strategies
would mediate environmental impacts, as well as cost-effective and accurate
methods to monitor changes in impacts over time (de Groot et al., 2010; Kremen

and Ostfeld, 2005; Naeem et al., 2015).

Research demonstrates that, as stewards of the land, farmers do much more for
human wellbeing than just harvest useful products, and that the manner in which
agricultural land is managed greatly influences environmental impacts (Foley et al.,
2005; Power, 2010; Robertson et al., 2014). Ecological and social research over the
last few decades have led to a growing understanding that humans derive a whole
range of real and measureable benefits from healthy, functioning ecosystems (Chan
et al.,, 2006; Costanza et al., 1998; Daily, 1997; Luck et al., 2009; Millennium
Ecosystem Assessment, 2005). These benefits, termed ecosystem services (ES), can
be broadly divided into three categories (Haines-Young and Potschin, 2013; Palomo
et al.,, 2016): (1) provisioning services - the direct output of consumable products
(e.g., food, fibre, fuel); (2) regulating services - the processes that mediate or
moderate the environment upon which humans rely (e.g., water filtration and
storage by soil, C cycling and storage by trees) and; (3) cultural services - the non-
material outputs that affect human physical and mental well-being (e.g., spiritual

and experiential interactions).

All ecosystems provide these services in differing proportions, and changes in land

management inevitably lead to changes in the proportions of ES provided (Foley et



al,, 2005). Agroecosystems are of particular importance in that they support food
production more intensively than any other system, but the emergence of new
technologies combined with agricultural commercialization, a growing population,
increased per capita consumption and a strong demand for cheap products has led
to a disproportionate emphasis on provisioning services, often at the expense of the
regulating ES? that agroecosystems also provide (Foley et al.,, 2005; Hunter et al,,

2017; Kareiva et al., 2007; Power, 2010).

Production is obviously vital to feed the global population (there are few pure
hunter-gatherers left!) and to support farmers, of which there are many - roughly 1
out of every 3 people on the planet relies on agriculture for their livelihood (FAO,
2013a), and approximately 0.5 billion smallholder? farmers rely directly on
agriculture to feed their families (FAO, 2016). However, the loss of regulating ES

threatens the well-being of farmers and non-farmers alike, and there is mounting

1 While this dissertation focuses exclusively on provisioning and regulating ES, I would like to
acknowledge that cultural services have also been heavily impacted by a prioritization of
provisioning ES. The relationships of many peoples with the land, indigenous peoples and
smallholder farmers in particular, have been undermined by a narrow focus on productivity and
resulting industrialization (e.g., Wittman et al., 2015), at times unknowingly but often in the presence
of outspoken resistance (e.g., La Via Campesina, 2014; Lang and Barling, 2012).

2 Smallholders are generally understood to be family owned farmers of small land holdings, often
defined as less than 2 ha, but there is a lack of consensus on the precise definition (e.g., see Graeub et

al, 2016).



concern about the impact of disruptions to regulating ES (e.g., climate change, soil
degradation) on long-term agricultural production (FAO, 2016; Foley et al.,, 2005;
Tittonell and Giller, 2013). While in some cases, human technology and ingenuity
may be able to overcome the loss of regulating ES, in many instances it is impossible,
too costly or undesirable to do so utilizing strictly non-natural capital, and steps
must be taken to ensure that ecosystems are able to continue functioning to provide

a variety of services in tandem with human intervention (Palomo et al., 2016).

1.1.2 Promoting ‘climate-smart’ agriculture among smallholders using payments for

ecosystem services

There is a growing body of evidence demonstrating that agricultural management
strategies exist that provide a suite of regulating ES while also maintaining long-
term productivity (Foley et al., 2005; The World Bank, 2008). A subset of these
management strategies is referred to as ‘climate-smart’ agriculture (CSA), where
practices serve to both mitigate climate change and increase long term agricultural
resilience to an already changing climate. This is done by enhancing regulating ES,
for example through increased C storage, reduced greenhouse gas emissions, and
improved nutrient and water cycling (Steenwerth et al., 2014; Verchot et al., 2007).

As political will for climate action grows, there have been widespread calls to



incorporate ES concepts generally, and CSA specifically, into agricultural policies

(Engel and Muller, 2016; Steenwerth et al., 2014)3.

A variety of policy levers exist to encourage CSA and other ES-enhancing
agricultural practices, including: regulations, standards, certifications,
environmental taxes, tradable permits and payments for ES (PES). Among these, PES
has garnered special attention as a mechanism to support the adoption of ES-
enhancing management by low-income smallholder farmers. While imposing taxes
or other ‘polluter pays’ policies on smallholders raises equity concerns, PES has
been proposed as a method to both protect ES and alleviate poverty (Engel and
Muller, 2016; Jack et al., 2008), although concerns do exist about the ability to
optimize both and whether PES might exacerbate power asymmetries and
inequality (Daw et al.,, 2011; Wittman et al., 2015; Wunder, 2008). However, under

the right circumstances, PES may be a particularly well-suited policy to encourage

3 The term ‘climate-smart agriculture’ arose only in the last decade and its definition remains broad
(Nagothu, 2016). The term has been criticized for being poorly defined and co-opted to promote
industrial agriculture, ignoring issues of power dynamics, access and inequality (La Via Campesina,
2014; Nagothu, 2016) . It is used here primarily as an example of the recent shift in international
attention toward broader agricultural development efforts that consider sustainability goals,
including enhancing regulating ES provided by agriculture. It is further deemed an apt example due
to recent efforts to evaluate incentive-based policies to support CSA adoption (e.g., Engel and Muller,
2016), which would require ES monitoring, the topic of this dissertation. Other terms such as
‘agroecological’, ‘sustainable’ or ‘eco-friendly’ have also been used to describe similar practices,

without the explicit focus on global climate change.



CSA adoption with smallholders by covering short-term implementation costs and
improving long-term profitability (Engel and Muller, 2016), while potentially
providing additional benefits for smallholders (e.g., land-tenure security; Wunder,

2008).

Agricultural PES programs are emerging at the global (e.g.,, Groom and Palmer,
2012), regional (e.g., Pagiola et al., 2007) and local (e.g., Kosoy et al., 2007) scales;
however, PES policy remains nascent, in part due to the challenges associated with
quantifying and monitoring ES provision (de Groot et al., 2010). It is widely agreed
that a central feature of PES is ‘conditionality’ - the concept that payments are tied
to measurable ES provision (Wunder, 2008). Therefore, developing methods to

measure the delivery of ES is a critical step for any PES program.

1.1.3 Key challenges to quantifying ecosystem services in smallholder landscapes

About 20% of the world’s agricultural population are smallholder farmers - a group
that manages over a billion hectares of agricultural production, yet remains among
the poorest and most food insecure (Dixon et al., 2001; FAO, 2016; Palm et al,,
2005). As interest grows to promote CSA for both poverty alleviation and
environmental conservation, it is becoming increasingly desirable to quantify ES in
smallholder contexts. Such quantification is particularly challenging due to the
extreme spatiotemporal heterogeneity arising from small land uses, shifting

cultivation, integrated crop-livestock systems, complex agroforestry management,



and other factors (Kearney and Smukler, 2016; Stringer et al., 2012). Effectively
promoting CSA would require simultaneously measuring multiple ES in order to
demonstrate mitigation and adaptation benefits of CSA, and, compared with
measuring individual services, would further compound monitoring challenges. In
fact, there has been a call to consider multiple ES across all ecosystems in order to
identify trade-offs and synergies among them (Kareiva et al., 2007; Kremen and
Miles, 2012; Naeem et al., 2015) and explore opportunities for bundling ES as
opposed to tying incentives exclusively to a single ES, which may undermine the

adoption of diversified farming systems (Wendland et al., 2010).

As such, there is a significant need for scientifically sound methods to measure
multiple ES at various spatial scales in complex landscapes with small and
heterogeneous land uses (de Groot et al., 2010; Naeem et al., 2015). At the field
scale, studies are needed to better understand the interactions between ES and the
relative expected ES benefits of various land management options. Recent research
has begun to develop methods to better quantify ES and their interactions (e.g.,
Kremen and Miles, 2012; Mitchell et al., 2014; Smukler et al., 2010), but this work
has largely been conducted in temperate agroecosystems and outside of the
smallholder context. More work is needed to apply these methods to tropical
smallholder landscapes and to continue operationalizing ES monitoring by lowering

costs (e.g., through the use of proxy indicators).



There is also a need to scale ES measurements up to policy-relevant geographical
regions, requiring analysis across large areas. Remote sensing provides the ability to
acquire spatially explicit data over the Earth’s surface and is one of the most
promising tools to measure the extent of multiple ES at the scale of landscapes,
nations and continents (Ayanu et al., 2012; Feng et al,, 2010). Recent advances in
sensor technology, computer processing power and analytical methods are enabling
the quantification of ES indicators with unprecedented accuracy and spatial
resolution. However, much of this work has been conducted in comparatively ‘data-
rich’ industrialized countries (e.g.,, Chan et al.,, 2006; Nelson et al., 2009) or applied
to relatively homogenous and intact forest landscapes (e.g., Asner et al., 2013;
Castillo-Santiago et al., 2010; Levick et al., 2016; Lin et al., 2016), once again leaving

gaps in research to measure ES in smallholder landscapes (Leh et al., 2013).

Finally, in order to develop operational monitoring methods, we need to understand
the limitations of ES measurements at all scales, which requires that method
uncertainty also be quantified and communicated (Gregr and Chan, 2014; Grét-
Regamey et al., 2013). This will help inform decision-makers about if and how to use
such tools, and contribute to a more complete picture of potential trade-offs

between ES, and how likely they are to occur.



1.2 Research objectives and goals

In my research, I sought to evaluate the supply of both provisioning and regulating
ES in CSA compared to conventional management within a smallholder context. [
wanted to quantify these services in order to better understand what is driving ES
supply and the interactions that may exist between different services, as well as to
support decisions about how PES could be used to overcome potential short-term
trade-offs between provisioning services (for which a market often already exists)
and regulating services (for which farmers are rarely compensated). I also
recognized that some ES are notoriously challenging to quantify, and so an
additional focus of my research was to further develop methods to measure

individual indicators of ES at both the field and landscape scales.

[ chose to address these research priorities within Latin America, where PES
programs are rapidly emerging (Balvanera et al., 2012; Kosoy et al., 2008).
Specifically, I conducted this research within the context of the Mesoamerican
maize-bean system, currently practiced by some 11 million smallholders across 65
million ha from Mexico to Nicaragua (Dixon et al., 2001). The system is
characterized by subsistence maize and bean production on steep hillsides and
marginal lands, which, combined with increasing populations, the continued use of
slash-and-burn practices and the rising use of agrochemicals, is leading to concerns
about widespread degradation of ES and human well-being (Dixon et al., 2001;

Morris et al., 2013).



In response, a CSA practice known as the ‘slash-and-mulch’ agroforestry system
(SMAS) has been proposed as an alternative management practice, both within
Central America (where it originated) and other tropical hillslope agricultural
systems worldwide (Castro et al., 2009; Hellin et al., 1999; The World Bank, 2008).
The SMAS is a flexible management system based on three general principles: (1)
eliminating burning during field preparation, (2) maintaining a permanent
vegetative soil cover or ‘mulch’ (e.g., tree prunings, crop residues) and, (3)
intercropping maize and beans with diverse tree species (Castro et al., 2009; Hellin
et al,, 1999). The SMAS has been shown to provide multiple ES benefits (Fonte et al.,
2010; Fonte and Six, 2010; Pauli et al., 2011; Welches and Cherrett, 2002) and
increase farm profitability, and it has been proposed that PES could be a good
mechanism to overcome short-term implementation costs and promote widespread

adoption (Castro et al., 2009; The World Bank, 2008).

To date, most of the work on the SMAS has been limited to Honduras and focused on
evaluating just one or a few ES at the field scale, and there is a need to study the
adaptability of the SMAS to new regions, assess multiple ES impacts of the system
and scale this assessment to the landscape in order to explore the potential impacts
of widespread adoption. In 2012, a four-year USAID-funded projected in El Salvador
titled “Agroforestry for Biodiversity and Ecosystem Services” (ABES) was initiated
to assess the adaptability of the SMAS to a new area and better understand its

impacts on multiple ES. Utilizing resources and datasets available through the ABES

10



project, I combined data from field trials, ground surveys and remote sensing to

address three overarching scientific research objectives:

(1) Develop, test and validate new methods to quantify multiple ES and
individual ES indicators related to agricultural management at the field scale

(2) Evaluate trade-offs and synergies among ES within the SMAS compared to
other management options for smallholders

(3) Innovate upon existing methods to map ES indicators and uncertainty in
heterogeneous smallholder landscapes, and apply those methods to address
questions about the potential impacts of widespread SMAS adoption and the

implications for policy design

Through addressing these objectives in the context of smallholder agriculture in El
Salvador, I hoped to contribute to a broader understanding of ES and how to
measure them in heterogeneous landscapes; I also sought to discuss how ES
dynamics and measurement challenges might inform policies such as PES. In the
following section, I elaborate on these overarching objectives by highlighting the

specific research I conducted for each chapter of my dissertation.

1.3 Dissertation overview

Chapter 2 begins with a description of the study area in northern El Salvador. The
general region in which this research was conducted is first broadly described,

followed by more specific descriptions of where research activities were carried out
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for individual chapters. A map is provided showing the locations of all data

collection activities.

Chapter 3, is an assessment of multiple ES measured within on-farm field trials
comparing the SMAS to conventional and organic management and a forest-fallow
reference site. This chapter highlights methods for simultaneously assessing
multiple ES in order to determine trade-offs and synergies associated with CSA and
smallholder agroforestry. Here I also evaluate whether simple field-proxies
correlate well with multiple ES in an effort to move toward cost-effective ES

monitoring tools.

Chapter 4 focuses on improving the measurement of single ES indicator: relative
erosion rates. Erosion is an important indicator of various ES (e.g., soil conservation,
water quality), but is particularly challenging to monitor accurately and cost-
effectively. In this chapter I propose a new innovative method to utilize
measurements from erosion pins to evaluate relative erosion rates between land
management alternatives. I compared this method to the conventional (and often

unsuccessful) approach of assessing erosion pin data.

In Chapters 5 and 6, I shift into monitoring C at the landscape scale, focusing on
emerging techniques to map aboveground woody biomass (AGWB) at high spatial
resolution using recent advances in remote sensing technology. I focus on AGWB as

an individual ES indicator for several reasons. First, AGWB provides a large store of
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terrestrial C (Pan et al,, 2011), and C monitoring across space and time is a key
component for nations working to meet international climate change mitigation
goals, and those participating in C-related PES programs (Goetz and Dubayah,
2011). Second, vegetation components such as AGWB are among the ES indicators
most ‘directly’ measureable by satellite and airborne sensors, and can likely be
quantified with better accuracy compared to other indicators related to soil or
water. Finally, measuring AGWB across landscapes could be utilized to identify and
monitor areas under agroforestry management such as the SMAS; however,
distribution of C-storing land uses such as agroforestry remain highly uncertain in
tropical smallholder landscapes, largely due to substantial spatiotemporal
heterogeneity, fine-scale spatial patterning and associated monitoring challenges

(Achard et al., 2002; Kearney and Smukler, 2016).

In Chapter 5, [ employ the use of very high spatial resolution satellite imagery to
map AGWB-C and predict expected changes for several scenarios of CSA adoption. |
evaluate map accuracy compared to other studies, with particular attention paid to
quantifying map uncertainty at various scales of aggregation in order to examine the
utility of such maps for decision makers. I then explore the potential value of that C
at various credit prices and discuss the implications of developing C contracts with
communities (i.e., at the landscape scale) rather compared to with individual

farmers.
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Chapter 6 utilizes airborne laser scanning (ALS; also called Light Detection and
Ranging or LiDAR) to quantify AGWB in forests and trees outside forests (TOF; i.e.,
agroforestry, hedgerows, other agricultural land uses). ALS uses pulses of light
emitted from aircraft and unmanned aerial vehicles to measure three dimensional
vegetation attributes (Lefsky et al., 2002; Lin et al,, 2016) and is one of the most
promising technologies for accurate and high spatial resolution AGWB mapping
(Zolkos et al., 2013). However, to date, much of the research applying ALS to
quantify AGWB stocks has focused on intact forest landscapes, and current methods
are not well suited for capturing TOF in heterogeneous landscapes. Monitoring
AGWB in TOF will be a key component of policies supporting smallholder

agroforestry and other tree-based CSA practices.

In Chapter 7, I discuss the key conclusions of my research and reflect upon strengths
and limitations of my methods for measuring ES in smallholder agriculture. I
examine the applications of my methods to answer key questions, and the
contribution that answering these questions may provide for PES and other policies

designed to promote sustainable land management within smallholder landscapes.
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2 Study area

2.1 La Mancomunidad La Montaiiona, El Salvador

This research was conducted in northern El Salvador, a rural and mountainous
smallholder landscape. The area is typical of the Mesoamerican dry upland corridor
stretching from central Mexico south to Panama, across which an estimated 11
million smallholders cultivate maize and beans, primarily for subsistence (Dixon et
al,, 2001). Land holdings across the Mesoamerican region are typically small,
especially in El Salvador where, with the highest population density of any non-
island nation in the western hemisphere (The World Bank, 2016), maize-bean farms

average less than 2 ha (Dixon et al,, 2001).

Specifically, this research was carried out within an association of seven
municipalities covering about 32,000 ha in the department of Chaletenango, along
the Honduran border (Figure 2.1). These municipalities, known as La
Mancomunidad La Montafiona (hereafter referred to as La Mancomunidad), were
identified by the Ministry of Environment and Natural Resources of El Salvador
(MARN) as a priority region for testing and promoting improved agricultural
management due to the predominance of basic grain farming and small-scale

extensive livestock grazing on steep slopes near a protected forest area.
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Elevations in La Mancomunidad range from 265 - 1575 m and the region has a sub-
humid tropical climate with a mean annual temperature of 22 - 26°C and mean
annual rainfall of about 1985 mm (MARN, 2013). Rainfall occurs mostly between the
months of May and October with a pronounced dry season from November to April,

averaging less than 10 mm month-! between December and February.

The municipalities of La Mancomunidad have prioritized the conservation of an
approximately 1,500-ha area of primary pine (Pinus oocarpa) and oak (Quercus
insignis) forest threatened by deforestation and frequent wildfire from surrounding
smallholder agriculture. These mixed-pine forests are found above about 900 m
elevation in sparse patches along ridge tops and within the “natural protected area”
of La Montafiona (shown in Figure 2.1 as the forested area where the municipalities
of La Laguna, El Carrizal, Ojos de Agua, Las Vueltas and Concepcion-Quetzaltepeque

converge in the north-central region of the study area).

The remaining land is a complex mosaic of farms cultivating basic grains (maize,
beans and sorghum), extensive pastures, bush-fallows, secondary forest patches,
narrow riparian forests and settlements. Farms and pastures in La Mancomunidad
are frequently less than one ha in size and regularly contain highly managed woody
perennials in the form of intercropped trees and live fences (i.e., TOF). Shifting
cultivation is common practice, resulting in widespread bush-fallows that are highly

variable in age, species composition and structure.
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2.2 The SMAS field trials

The field trials analyzed in Chapters 3 and 4 were implemented on five farms within
the municipality of Las Vueltas (Figure 2.1). This municipality was specifically
targeted by the association of mayors of La Mancomunidad for research due to
increasing land degradation from agricultural expansion amidst an active and
engaged community with broad support for environmental conservation. Farms
within Las Vueltas were chosen based on farmers’ willingness to participate as well
as farm location, size and land-use composition. Elevation of the experimental plots
ranged from 624 to 866 m and slopes ranged from 19 - 40 degrees, typical of the

area.

2.3 The QuickBird study area

A 10x 10 km (100 km?) area was established to map AGWB using high spatial
resolution QuickBird satellite imagery, as described in Chapter 5. The location of the
QuickBird study area encompassed the entire municipality of Las Vueltas in order to
include the SMAS field trials and establish a baseline for future monitoring within
this municipality (Figure 2.1). The 10 x 10 km design was chosen to correspond
with the hierarchical sampling design Land Degradation Surveillance Framework
(LDSF) developed by the International Center for Tropical Agriculture (Shepherd et

al,, 2015; Vagen et al,, 2010; Vagen and Winowiecki, 2013).
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Figure 2.1 Map of the study area with ground sampling and field trial locations
The main map shows research plots within the seven municipalities of La Mancomunidad La

Montafiona, near Chalatenango in northern El Salvador (see inset). Calibration plots sampled using
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the Land Degradation Surveillance Framework (LDSF) in 2012 (n = 138) were used to predict
aboveground woody biomass (AGWB) from QuickBird satellite imagery (see Chapter 5) and LDSF
plots sampled in 2014 (n = 73) used to calibrate airborne laser scanning (ALS) data using an area-
based approach (see Chapter 6). Validation plots include randomly selected LDSF plots from 2014 (n
= 34), cropped fields (n = 10) and hedgerows (n = 22) and large closed-canopy mixed-pine forest
(MPF) inventory plots (n = 3). All 69 validation plots where used to validate ALS-predicted AGWB
maps, while the 10 cropped fields and one of the MPF plots were used for QuickBird validation. The
slash-and-mulch agroforestry system (SMAS) field trials (n = 5) within the municipality of Las

Vueltas are also shown (see Chapters 3 and 4).

19



3 Evaluation of synergies and trade-offs among
multiple ecosystem services in agroforestry

systems

3.1 Background and introduction

3.1.1 ‘Climate-smart’ agriculture and payments for ecosystem services

One of the great social and environmental challenges of the 21st century is how to
support smallholder farmers on the landscape and simultaneously produce
equitable food security and environmental outcomes (FAO, 2016). Globally,
smallholders make up about 20% of the world’s agricultural population and manage
over a billion hectares, yet they remain one of the poorest and most food insecure
groups (Dixon et al., 2001; FAO, 2016; Palm et al., 2005). Combined with the
recognition that smallholders will be disproportionately impacted by climate
change, there has been a call to build resilience among smallholders through
‘climate-smart’ agriculture (CSA; Rioux et al., 2016), defined as management
strategies that enable (1) sustainable increases in agricultural productivity and
incomes; (2) increased adaptation and resilience capabilities to climate change and;

(3) reduced greenhouse gases emissions (GHG), where possible (FAO, 2013b).
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Payments for ecosystem services (PES) have emerged as one tool to overcome
socioeconomic barriers to CSA adoption (Engel and Muller, 2016) and account for
the fact that many ecosystem service (ES) benefits accrue off-farm and at multiple
scales. PES models are based on the principle that those providing services (in this
case, farmers) are compensated by those receiving the benefits of those services
(Hegde and Bull, 2011; Wunder, 2008). Such models raise concerns about
exacerbating power asymmetries (e.g., allowing the wealthiest groups to ‘control’
which ES are provided), but also present opportunities for poverty alleviation and
long-term welfare gains (Wunder, 2008). It is also hypothesized that even a
relatively small payment to farmers, especially early in the establishment of a new
management system, will minimize the timeframe in which sustainable
management may impose a net cost, thereby increasing adoption (Engel and Muller,
2016; Pagiola et al., 2007). However, PES policy remains nascent, in part due to the
challenges associated with quantifying and monitoring ES provision (de Groot et al.,

2010).

A further challenge to implementation lies in the critique that PES oversimplify the
complexity of ecosystems by separating ecosystem functions into “discrete units of
trade” and focusing on very specific land management strategies (Kosoy and
Corbera, 2010). Promoting prescriptive production strategies for individual ES (e.g.,
biofuels for GHG mitigation) may reinforce systemic causes of poverty by trapping

smallholders in long-term contracts for rigid management systems or restricting
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access to resources by local communities (Schoon et al.,, 2015; Wittman et al.,, 2015).
Furthermore, PES programs singling out individual ES (e.g., C trading) may
undermine the adoption of diversified farming systems that would better provide
multiple ES, enhanced biodiversity and long-term resilience (Kosoy and Corbera,

2010; Palomo et al., 2016; Wittman et al., 2015).

Ideally, PES would encourage practices that are adaptable to farmers needs and
beneficial for a basket of ES (Wendland et al., 2010), while accounting for trade-offs
and synergies among them (Kremen and Miles, 2012; Naeem et al., 2015). But
accomplishing this in practice presents additional challenges to measuring ES
provision (e.g., Hegde and Bull, 2011). In this paper [ address these challenges
within the context of agroforestry, a widely promoted example of CSA with multiple

ES benefits.

3.1.2 Agroforestry and the ‘slash-and-mulch’ system

Agroforestry systems have been incorporated into discussions around CSA for their
ES benefits on-farm (e.g., food, fuelwood, soil fertility, water infiltration) and off-
farm (e.g., water conservation, C storage, biodiversity; see Mbow et al., 2014; Rioux
et al.,, 2016; Steenwerth et al,, 2014). However, a wide range of well-documented
socioeconomic factors have limited widespread agroforestry adoption (e.g., Current
et al.,, 1995a; Hellin et al., 1999; Pattanayak et al., 2003; Pollini, 2009). PES is

therefore an attractive option to incentivize agroforestry adoption, and many
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agroforestry-related PES programs are emerging (e.g., Groom and Palmer, 2012;
Kosoy et al.,, 2007; Pagiola et al., 2007), but there has been a call to ensure that
agroforestry approaches are designed to be flexible, allowing farmers to adapt them

to their preferences (Adesina et al., 1999; Pollini, 2009)

Here I consider a ‘slash and mulch’ agroforestry system (SMAS) gaining popularity
in Central America. Also called the Quesungual system, named after the village in
western Honduras where it was first documented (Hellin et al., 1999), the SMAS
offers an agroforestry alternative to the conventional maize-bean farming system,
characterized by slash-and-burn management and currently practiced by some 11
million smallholders (covering 65 million ha) across Mesoamerica (Dixon et al.,
2001). The SMAS can be considered flexible and adaptable, as it is based on three

general principles (Castro et al., 2009; Hellin et al., 1999):

(1) Eliminating burning during field preparation
(2) Maintaining a permanent vegetative soil cover or ‘mulch’ (e.g., tree prunings,
crop residues)

(3) Intercropping maize and beans with diverse tree species

Intercropped trees can be established by planting, natural regeneration or left in
place during conversion of secondary forest to agriculture, and farmers choose
which tree species to maintain based on their own objectives (e.g., timber, fuelwood,

fodder, fruit). Tree densities can be highly variable and the majority of trees are
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heavily pruned to minimize competition with crops and provide a substantial mulch
layer of leaves and branches to protect the soil and provide nutrients (Beer et al.,
1998; Fonte et al., 2010; Garcia, 2011). Other reported benefits, mostly from
western Honduras where the system has been widely adopted, include: improved
soil health and biodiversity (Fonte et al.,, 2010; Fonte and Six, 2010; Pauli et al.,
2011); climate change mitigation and C storage (Castro et al., 2009; Fonte and Six,
2010); reduced erosion and improved resilience to drought and hurricanes (The
World Bank, 2008; Welches and Cherrett, 2002) and improved yields (Castro et al.,

2009; Welches and Cherrett, 2002)

The flexibility of the system could make it appropriate for a wide array of
biophysical, socioeconomic and cultural contexts. Furthermore, the multiple ES
benefits it provides could align well with emerging PES programs (The World Bank,
2008); however, questions remain to determine if and how the SMAS can be
integrated into broader sustainability strategies and how to evaluate ES benefits

associated with the SMAS and other similar systems.

First, with respect to the SMAS specifically, are ES benefits observed in western
Honduras likely to occur in other contexts - especially the simultaneous increase in
yields and other non-provisioning ES? Most of the research to date has been limited
to western Honduras, an area where yields were below average for the region and
land degradation was at crisis levels (Ayarza et al., 2010). Furthermore, research in

Honduras has focused on the implementation of the SMAS during conversion from
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forest-fallow, and it is unclear whether ES benefits would accrue if the system were
implemented to restore already cleared and largely treeless fields, representative of

more degraded areas of the region.

More broadly, can we quantify the multiple ES benefits expected from flexible
agroforestry systems such as the SMAS, and do trade-offs or synergies among
services exist? Most published studies on the SMAS to date have tended to focus on
only one or a few ES, mostly related to soil biological health and nutrient cycling
(Castro et al., 2010; Fonte et al., 2010; Fonte and Six, 2010; Pauli et al., 2011).
Finally, it would be useful to identify simple field proxies that represent multiple ES,

to simplify monitoring efforts and support payments for a basket of ES.

In order to address these questions, [ established on-farm trials with two variations
of the SMAS in El Salvador with three objectives: (1) evaluate the field-scale impact
of the SMAS on a suite of individual ES and biodiversity indicators as compared to
other land management options; (2) develop ES indices in order to evaluate the
impact of the SMAS on multiple ES indicators and determine if trade-offs and
synergies exist and; (3) identify simple and measureable field proxies that
demonstrate the principles of the SMAS and could serve as proxies for ES in a

monitoring program.
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3.2 Methods

3.2.1 Experimental design

Experimental trials were established in April 2012 on 12 m x 20 m plots on five
farms (replicate blocks) located within the municipality of Las Vueltas (see Section
2.2 and Figure 2.1). Each farm was managed for three growing seasons (ending in
2015) and consisted of five treatments (5 treatments x 5 farms; n = 25). Treatments
were developed in coordination with MARN, local officials and farmers and
included: conventional management (CONV); organic management (ORG); the SMAS
established from a plot previously under conventional management (SMAS-1); the
SMAS established from a forest-fallow, similar to the Quesungual approach (SMAS-
2) and; a forest-fallow reference plot (FOR). The treatments CONV, SMAS-1 and ORG
were randomly allocated to previously deforested plots of land under agricultural
production, while SMAS-2 and FOR plots where selected from adjacent areas of

secondary forest on each farm.

The CONV treatment was managed according to prevailing farmer practices in the
region, similar to those described in the introduction and observed elsewhere in El
Salvador (e.g., Morris et al., 2013). Maize (Zea mays, local variety “H5-G”) was
planted each year in May in rows spaced 90 cm apart, with two seeds sown every 45
cm. Beans (Phaseolus vulgaris, local variety “Curanetefio”) were planted each year in

July/August in rows spaced 45 cm apart, with two seeds sown every 30 cm. A
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mixture of ammonium sulphate (21-0-0-24S) and formula (16-20-0) were applied to
maize at 10 and 40 days after planting, equivalent to 164 kg N ha-1, 39 kg P ha-1 and
100 kg S ha'l. The formula fertilizer was applied to beans at rates equivalent to 60
kg N hal and 28 kg P ha'1. Herbicides and pesticides were applied according to
common practice for the area. One notable departure of the CONV treatment from
conventional farmer practice is that plots were not burned prior to planting at the
behest of local officials since burning is technically outlawed, although rarely
enforced. However, manual weeding with machetes prior to planting largely
eliminated tree saplings and crop residues were removed with the harvest to
simulate the loss of soil mulch cover that occurs with burning or with feeding of

residues to livestock.

The SMAS-1 treatment was designed to test the adaptability of the SMAS to
situations where land access is limited and forest loss, degradation or laws
prohibiting forest clearing may constrain farmers’ ability to implement the
Quesungual (SMAS-2) system. Trees were planted from seedlings and from cuttings
to achieve a final density of roughly 1,000 to 1,400 trees ha-! (accounting for
anticipated mortality rates of up to 50%), the approximate density of trees observed
in the Quesungual system in Honduras (Garcia, 2011; Ordonez Barragan, 2004; Pauli
et al.,, 2011). Tree species were chosen through participatory workshops with
farmers to identify species of interest to them and included fruit-bearing species,

namely jocote (Spondias mombin). All crop residues were left in the field and natural
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regeneration of saplings was managed to encourage the regrowth of priority tree
species. Apart from that, SMAS-1 plots were managed in the same manner as CONV

plots.

The SMAS-2 treatment was managed similar to SMAS-1, with the main difference
being that it was established directly from a forest-fallow (FOR), following the
Quesungual approach (Castro et al., 2009; Hellin et al., 1999). As a result, the SMAS-
2 tended to have a higher proportion of mature trees and slightly different species
composition, reflecting the previous forest-fallow for that site and the preferences of
each farmer. The FOR treatment was an unmanaged reference plot of secondary
forest-fallow, approximately 10 - 20 years old. It was located adjacent to the SMAS-

2 at each farm and was the land-use from which the SMAS-2 was converted.

The ORG treatment was included to explore the potential benefits and trade-offs
associated with chemical-free management associated with proposed legislation in
many parts of Central America. Management was similar to the SMAS-1 except no
trees were planted and no agrochemicals used. Instead, “boccachi” (a composted
chicken manure rich in microorganisms) was added in split applications at a rate of
7.4 Mg ha1 (128 kg N and 66 kg P ha'1) for maize and 3.7 Mg ha'! (64 kg N and 33 kg
P ha-1) for beans. Two organic foliar sprays, known locally as FOREFUN and
Sulfocalcio, were prepared on-farm and applied 3 times during the growing season

to manage for pests and diseases.
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3.2.2 Framework for measuring multiple ES

I measured a suite of indicators of ES supply and biodiversity in each of the 25 plots
between July 2015 and February 2016 (during and following the third year of
production). Ecosystem services were classified into groups (Table 3.1), largely
based on the Common International Classification of Ecosystem Services (CICES)
developed by the European Environmental Agency (Haines-Young and Potschin,
2013). For this study, I focused on two CICES sections: Provisioning services and
Regulation and Maintenance services. I also include indicators of biodiversity as it is
a major focal point for conservation at the local, national and international scale
across Latin America (Balvanera et al., 2012) and has been linked to the supply of ES
in multiple contexts (Kremen and Miles, 2012; Richards and Méndez, 2014). |
present methods for developing and measuring individual ES indicators in Sections
3.2.3 - 3.2.5 (see Table 3.3 for a complete list of indicators), and discuss my
approach to statistically analyze indicators and develop and evaluate composite

indices in Section 3.2.6.
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Table 3.1 Ecosystem service (ES) groups used for index development

Final ES groups were defined by the authors, but categorized by CICES Section and Division. A list of
individual ES indicators can be found in Table 3.3.

CICES Section CICES Division ES Groups
L Nutrition Crop production
Provisioning .
Energy Fuelwood production

Erosion Control

Mediati f Fl i
ediation of Flows Water Regulation

Regulation and

Maintenance ) , ) Pest & Disease Control
Maintenance of physical, chemical, . .
Soil Composition

and biological conditions Carbon (C) Storage

o Aboveground Biodiversity ' Biodiversity of Woody Vegetation
Biodiversity
Belowground Biodiversity ' Biodiversity of Soil Macrofauna

* Note that biodiversity is not specifically defined as a section by CICES. For more information see Haines-Young
and Potschin (2013)

3.2.3 Provisioning services

[ estimated the quantity and value of cultivated crops and fuelwood produced in
each of the managed plots as indicators of provisioning services. Timber production
was excluded since participating farmers stated that wood extraction is primarily
for fuelwood, not timber, and estimates of standing timber would overlap with

estimates of biomass C, leading to double counting.

3.2.3.1 Crop production

Maize and beans were harvested in November 2015 after being left in the field to
dry as per farmer practice. Maize was harvested from 5 equidistant rows, leaving a 1
m buffer to avoid edge-effects, while beans were harvested froma 5 m x 10 m

subplot in the center of each plot. Grain was oven dried and final yields corrected to
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11% moisture content. The value of maize and bean production was based on the
average annual consumer price, as reported by the Ministry of Agriculture and

Livestock of El Salvador (MAG, 2016).

3.2.3.2 Fuelwood provision

Fuelwood yields were estimated in May 2015 during field preparation and tree
pruning, prior to planting. All deadwood and tree prunings were collected as
fuelwood following common local practice and yields were calculated in cargas - the
visually estimated merchantable unit used in the region for selling fuelwood
(approximately 25 - 35 kg). Fuelwood from each managed treatment was piled into
cargas and the total number counted to the nearest one-third carga. Even though
many farmers harvest some fuelwood from forests and forest-fallows, no fuelwood
was harvested from the FOR plots monitored in this study in order to leave these
plots as an unmanaged reference treatment. Fuelwood value was set at $4.00 per

carga based on local prices.

3.2.4 Regulation and Maintenance services

3.2.4.1 Erosion control

Comparative erosion rates were estimated using pins (0.6 cm diameter, 40 cm
length) installed in late May 2012 before maize planting. Pin placement was laid out
in a grid pattern of 3 columns and 6 rows at 3 m x 3 m spacing for a total of 18 pins

per plot. Pins were hammered into the soil perpendicular to the slope, leaving
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approximately 10 cm protruding from the soil surface. Pin protrusion was measured
5 times during the 2015 rainy season using a digital depth gauge (0.02 mm
precision) and checked for damage or disturbance. Pins that remained undisturbed
for the entire season were used to calculate the absolute value of the change in pin
height as an indicator of soil movement and erosive activity, as described in Chapter

4 (also see Couper et al., 2002; Luffman et al., 2015).

Soil mulch cover (non-living vegetative biomass) was also measured as an indicator
of soil conservation in February 2016. All mulch was collected in five 1-m?2 quadrats
randomly located in each plot, dried in an oven at 65° C for 48 hours, weighed and

converted to kg hal.

3.2.4.2 Water regulation

I chose four indicators to estimate the effects of management on water flows: water
infiltration rate, runoff, deep percolation and water stress during the 2015 rainy
season. | measured infiltration as unsaturated hydraulic conductivity using a mini-
disk infiltrometer from Decagon Devices (Pullman, WA, USA). The infiltration rate
provides an indication of how quickly water can move into dry soil and is calculated

in mm hr-1.

Runoff during the 2015 rainy season was estimated using hourly precipitation data,
canopy cover and the measured infiltration rate for each plot. Precipitation data was

collected at each farm using an automatic tipping bucket rain gauge from Davis
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Instruments (Hayward, CA, USA; Model No. 7857) set up to measure rainfall at 10-
minute intervals. Hourly precipitation intensity was calculated for each rain gauge
location and then discounted by the canopy cover (% closure, see Table 3.2) to
account for canopy interception. Hourly Hortonian runoff (Horton, 1933) was then
estimated in mm as the difference between the discounted rainfall intensity and
plot-measured infiltration rates when rainfall intensity exceeded infiltration rates.
The sum of all runoff over the growing season was taken for each plot to estimate
expected runoff. Deep percolation and water stress were estimated with crop water
models developed by the FAO using the Penman-Monteith method (Allen et al,,
1998), calibrated with biweekly soil moisture readings. A detailed explanation of
daily water balance and deep percolation calculation methods is provided in

Appendix A.

3.2.4.3 Pest and disease control

Weed presence and indicators of the effects of pests and diseases were measured in
each of the cultivated plots. Damage from pests and disease incidence was
monitored in beans approximately 6 weeks after planting in late September, when

pest pressures tend to be highest*. Forty plants were randomly selected and visually

4 Due to resource constraints, only a single sampling could be performed for pest and disease
incidence. Beans tend to be more susceptible to pests and diseases than maize, and pressures tend to
be highest in late September; thus this was the chosen sampling approach. However, it should be

noted that a single sampling may miss events due to temporal variability within seasons and between
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inspected for pests and diseases in each plot and the severity of impact was ranked
as none (0), low (1), medium (2) or high (3). Pest damage and disease incidence
were ranked separately and the average value for each plot was taken to give two
separate continuous scores (0-3) for each plot. Weed presence was measured in
February 2016 using the same quadrats and methods used to measure soil mulch
cover. Pest and disease incidence and weed presence were not evaluated in FOR
plots since [ was only interested in the impact of these on crops. Therefore, zero
values were assigned for each of these indicators for the purpose of developing the

Pest and Disease Control composite index (see Section 3.2.6.2).

3.2.4.4 Soil composition

Soil samples were collected in February 2016, taken from the 0-20 cm depth at four
points in each of two subplots established within each experimental plot. Sub-
samples from each subplot were composited for analysis and the results averaged to
give a single value for each plot. Soils were air-dried and passed through a 2mm
sieve prior to analysis of texture, pH (in H20), total soil organic matter (SOM;
Walkley and Black, 1934) and total nitrogen (N), available phosphorus, potassium
(K), calcium (Ca) and magnesium (Mg) using the Mehlich-3 method (Mehlich, 1984)

at the CENTA (Centro Nacional de Tecnologia Agropecuaria y Forestal) laboratory in

years. While pest and disease did not appear to be an issue in the 2015 maize crop, it could be a

concern in other years.
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El Salvador. I used soil cores (7.25 cm diameter x 7.65 cm length) to calculate bulk
density at 0-10 and 10-20 cm in four of the sub-sample points and an average value

(0-20 cm) was taken for each plot.

3.2.4.5 Cstorage

[ calculated C stored in aboveground woody biomass (AGWB) and topsoil (0-20 cm)
as indicators of climate regulation services. In order to estimate AGWB I measured
all trees and shrubs with a diameter at breast height (DBH, approximately 1.3 m) of
atleast 1 cm. All trees and shrubs were identified to the genus and species (when
possible) and height and DBH measured in order to estimate AGWB from allometric
equations (see Appendix B). I estimated C content as 49% of AGWB based on studies
conducted in similar regions in Central America (Gémez-Castro et al., 2010; Hughes
et al.,, 1999a; Sudrez, 2002) and converted all values to Mg ha-1. SOM was converted
to total organic C using a factor of 0.5 based on calculated ratios from a subset of the
data and following recommendations made by Pribyl (2010). I then calculated
topsoil C density by multiplying percent organic C by soil bulk density and

converting values to Mg ha-1.

3.2.5 Biodiversity

3.2.5.1 Aboveground biodiversity

[ calculated species richness and the Shannon index (Shannon, 1948) for all trees

with DBH = 1 cm as indicators of aboveground biodiversity. Species richness was
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calculated as the total number of uniquely identifiable species found in each plot in
February 2016. The Shannon index was used as a measure of biodiversity to take

into account the proportions of species found in a plot using the equation:

H=-35,p lnp; [Equation 1]

where H is the Shannon index, S is the total number of unique species observed
within a plot and pi is the proportion of S made up by the ith species (Magurran,

1988).

3.2.5.2 Belowground biodiversity

Macrofauna present in the soil were measured in July 2015 to develop four
indicators of belowground biodiversity. Following the Tropical Soil Biology and
Fertility (TSFB) method (Anderson and Ingram, 1993), soil pits (25 x 25 cm) were
excavated to a depth of 30 cm and soil invertebrates (>2 mm) were hand sorted and
stored in alcohol for subsequent identification of individuals to the level of species
(when possible) in the laboratory at the National University of El Salvador. Two
indicators of abundance were calculated as the number of individuals per m2 based
on the number of arthropods and earthworms, respectively, found in each pit. I also
calculated macrofauna species richness and the Shannon index (see Equation 1) at

the ‘order’ level of taxonomic rank.
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3.2.6 Statistical analysis

3.2.6.1 Individual ES indicator variables

[ first compared treatment effects on each of the individual ES and biodiversity
indicators described in Sections 3.2.3 - 3.2.5. I used a linear mixed effects model
from the nlme package (Pinheiro et al., 2013) in R (R Core Team, 2013) with each
indicator used, in turn, as the response variable, treatment as the fixed effect and
farm location as the random effect. Distributional assumptions for each model were
evaluated following Pinheiro and Bates (2000). When necessary, the response
variable was transformed to achieve normality of within-group errors and random
effects, and the ‘varldent’ variance function used to allow for non-constant variance
among farm locations, following the approach utilized by Davis et al. (2012). Tukey’s
pairwise comparisons were made on models with a statistically significant
treatment effect. Treatment effects and pairwise comparisons were considered

statistically significant at p < 0.05.

3.2.6.2 Composite indices

In order to better compare and visualize the impacts of management on multiple ES,
[ developed composite indices of ES groups using an approach similar to that
utilized by Velasquez et al. (2007) and others (e.g., Mukherjee and Lal, 2014) to
develop soil quality indices. First, I converted the values of individual ES indicators

to a common scoring unit ranging from 0.1 - 1 using the homothetic transformation
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xl-—bl-

Y =01+ (225 x 0.9 [Equation 2]

l l

where Y is transformed value of the variable i, x is the original variable value, and a
and b are the maximum and minimum observed values of variable, respectively. In
order to set all variables on a ‘more-is-better’ scale, variables originally on a ‘more-
is-worse’ scale (e.g., pest presence and runoff) were converted using the reverse

transformation

Y =11-(0.1+ (322) x 09). [Equation 3]

i—

These transformations were performed on all individual variables except the
provisioning and C storage services, which could already be combined using
standardized units. In the case of provisioning services, I first calculated the total
production value in USD as the sum of the quantity of each product multiplied by its
average unit price. For C storage, above- and below-ground C stocks were summed
to give total C stocks in Mg ha-1. Equation 2 was then applied directly to these two ES

groups to develop their respective composite indices.

For all other ES groups, composite indices were calculated as the weighted sum of
all transformed variables within each group. Weights were applied based on each
variable’s relative contribution to the variance within an ES group based on
principle component analysis (PCA). The respective factor scores for each variable

in the first two axes were used as weights, such that the final index was calculated as
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Cl = XYWipc1+ YiWipc2 [Equation 4]

where CI is the composite index, Yi is the transformed value from Equation 2 or 3 for
each variable i, and w is the factor score from the first and second principal
component axes, respectively. Finally, each composite index was again reduced to

the range 0.1 - 1 using Equation 2.

3.2.6.3 PCA of ES composite indices and correlation with field proxies

For the four cultivated treatments (non-FOR), I assessed potential trade-offs and
synergies between ES composite indices using PCA. This analysis was limited to
cultivated plots since I was primarily interested in evaluating synergies and trade-
offs between provisioning and regulating services within production management
systems. In an effort to identify simple and measureable field proxies for multiple
ES, I also explored relationships between proxies that can easily be measured in the
field (Table 3.2) and the ES composite indices using Pearson’s correlation analysis,

again limiting analysis to cultivated plots.
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Table 3.2 Field proxies expected to correlate with multiple ecosystem services

Category Proxy Description Units
Trees Stem Count (All) The total number of boles trees ha
Stem Count (DBH < 10) The number of boles with a DBH < 10 cm trees ha!
Stem Count (DBH 10+) The number of boles with a DBH of 10 cm or trees ha!
more
Canopy Cover Binary visual assessment of canopy cover at Percent (%)
60 points along 3 transects using a periscope
densiometer
Mulch Soil Mulch Cover (Visible)  Binary visual assessment of non-living Percent (%)
vegetative soil cover at 60 points along 3
transects
Soil Mulch Cover Oven-dry biomass of non-living vegetation kg ha?
(Biomass) collected from five 1-m? quadrats
Soil Infiltration Unsaturated hydraulic conductivity measured mm hr?
with a Decagon mini-disk infiltrometer
Soil Organic Matter Soil organic matter content (Walkley and %
Black, 1934)
Bulk Density Soil bulk density measured using ring (7.25 x gcm

7.65 cm)

3.3 Results

3.3.1

3.3.1.1 Provisioning services

Individual ES indicator variables

Maize yields for all plots were lower than the 2007 national average of 3,200 kg ha-l,

while bean yields were comparable to the national average of 900 kg1 (IICA, 2009).

Both maize and bean yields tended to be highest under CONV and SMAS-1

management. Significant differences were only found between CONV and SMAS-2

for maize (Table 3.3), but maize yields in the ORG treatment averaged about half

that for CONV and SMAS-1. Fuelwood production was about 300% and 50% higher

in the SMAS-2 and SMAS-1 treatments, respectively, compared to CONV and ORG.

40



While fuelwood production increases were substantial, their value relative to crop
production was low. Based on current prices, the value of increased fuelwood
production in the SMAS-2 is $44.00 ha'l yr-1, or about 8% of average farm revenue

under CONV management.

3.3.1.2 Regulation and maintenance services

Soil mulch biomass was highest in the FOR and significantly higher under
agroforestry management (SMAS-1 and SMAS-2) compared to management with
fewer trees (CONV and ORG). Change in erosion pin height was inversely correlated
with soil mulch cover, suggesting that increased soil mulch cover contributed to
reduced erosion (see Chapter 4). However, statistically significant differences in

erosion pin height could not be detected between any treatments.

FOR tended to have higher rates of water infiltration, although no significant
differences were found between any treatments. The SMAS-2 and FOR treatments
had the best values of the modeled indicators of water flows (increased deep
percolation and reduced runoff and drought stress). Weed biomass was significantly
reduced in the SMAS treatments compared to CONV and was negatively correlated
with soil mulch cover (see Appendix A, Figure A - 1). Pest and disease presence also
tended to be lower in the two agroforestry treatments, although significant

differences were only detected for pest presence between SMAS-2 and ORG.
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Soil properties varied more by farm than by treatment (Figure A - 2) and I found no
obvious trends or significant differences between treatments for individual
properties. FOR stored significantly more AGWB-C than all other treatments, and
nearly 10 times as much as CONV. The SMAS-2 system maintained about half the
AGWB-C stored in FOR and four times as much as CONV, while the SMAS-1
treatment doubled AGWB-C compared to CONV. However, differences among

production systems were not statistically significant for either C pool.

3.3.1.3 Biodiversity

Tree species diversity (both for richness and the Shannon index) was significantly
increased with agroforestry management. The tree species diversity of the SMAS-1
and SMAS-2 systems nearly matched that of FOR and maintained twice as many
species compared to CONV, but was not significantly different from ORG. Overall
macrofuana abundance tended to be higher in cultivated plots than in FOR while
macrofauna diversity showed the opposite trend. Earthworm abundance tended to
be highest in the ORG and SMAS-1 plots; however, no statistically significant
differences were found for any of the belowground biodiversity indicators

measured.
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Table 3.3 Results of statistical analysis of individual ecosystem service indicators by treatment

Mean value for ecosystem service (ES) indicators by treatment. P-value denotes the significance of the fixed-effect (i.e., treatment) in the
linear mixed effects model. Different letters denote significant differences (p < 0.05) between treatments based on Tukey pairwise
comparisons. N/A signifies data was not collected for that treatment and it was not included in statistical analysis. CONV = conventional

management; ORG = organic (conventional management without chemical inputs); SMAS-1 = the slash-and-mulch agroforestry system,

converted from CONV; SMAS-2 = the same as SMAS-1, but converted from FOR and; FOR = forest-fallow.

ES Group ES Indicator Unit p-value  CONV ORG SMAS-1 SMAS-2 FOR
Provisioning
Crop production Maize yield * kg ha? 0.002 2392 b 1033 b 1937 b 457 a N/A
Bean yield kg hat 0.088 978 891 793 503 N/A
Jocote yield #hat 0.022 0.0 a 0 a 1133 b 0 a N/A
Fuelwood production Fuelwood harvest cargas ha? 0.029 5.50 a 6.05 a 8.25 ab 16.50 b N/A
Regulation and Maintenance
Erosion Control Erosion mm 0.487 11.7 12.2 9.7 10.2 9.3
Soil mulch cover ¢ kg ha <0.001 4628 a 4312 a 6191 b 7288 ¢ 6848
Water Regulation Drought stress prop. of days 0.149 0.42 0.40 0.39 0.36 N/A
Runoff * mm <0.001 257 b 159 b 173 b 5 a 0
Deep percolation mm <0.001 193 a 234 a 235 a 367 b 420
Infiltration ' mm hr? 0.128 5.52 11.31 8.99 16.02 18.98
Pest & Disease Weed cover kg ha* 0.012 2337 b 1770 ab 1094 a 872 a N/A
Control Pest presence score (0-3) 0.024 1.24 ab 134 b 1.04 ab 0.99 a N/A
Disease presence " score (0-3) 0.035 1.24 ab 157 b 1.24 ab 0.81 a N/A
Soil Composition pH pH units 0.846 5.59 5.56 5.41 5.59 5.64
Phosphorus (P) ' mg kgt 0.992 22.63 15.29 22.65 29.97 44.87
Potassium (K) mg kg 0.996 235 225 227 221 226
Calcium (Ca) cmolc kg 0.863 12.42 11.29 13.08 11.83 11.49
Magnesium (Mg) cmolc kg 0.930 4.52 3.87 431 4.12 4.05
SOM % 0.709 4.29 4.10 4.35 4.54 4.76
Bulk Density gcm?3 0.423 0.94 0.93 0.89 0.99 0.89
Carbon (C) Storage AGWB-C* Mg ha 0.001 39 a 9.6 ab 8.2 ab 16.9 bc 34.3
Soil C Mg ha 0.715 28.8 24.9 28.1 30.5 314
Aboveground Tree/shrub richness  # of species <0.001 6 a 7 ab 13 bc 14 cd 20
biodiversity Tree/shrub diversity *  Shannon index 0.001 1.36 a 1.61 ab 2.12 bc 2.19 ¢ 2.36
Belowground Arthropod presence ©  # of individuals 0.713 1903 1188 2823 1664 1449
biodiversity Earthworm presence ¢ # of individuals < 0.001 86 a 138 bc 153 ¢ 142 ¢ 96
Macrofauna richness  # of species 0.329 13 13 14 12 16
Macrofauna diversity  Shannon index 0.393 1.80 1.77 1.42 1.47 1.85

[3

ab

" Denotes that the ES indicator variable was transformed to meet model assumptions.
$ Denotes that non-constant variance among farms was detected and incorporated into the model.
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3.3.2 Composite ES indices

The treatments with more trees (i.e., SMAS and FOR) tended to have higher values
for most ES indices, with the exception of Production Value, Soil Composition and
Belowground Biodiversity (Table 3.4). At the end of the three-year study period,
tree densities in the SMAS treatments ranged from 1,700 to 3,600 trees hal,
averaging about half that of the FOR treatment (mean = 3,883 trees ha-1) and more
than double the densities of the CONV and ORG treatments, which averaged 517 and
867 trees ha'l, respectively (Table A - 1). The mean Production Value index for
CONV was nearly double that for SMAS-2, but results were highly variable between
sites and no statistically significant differences were found (Table 3.4). Pest and
Disease Control was significantly higher in the SMAS-2 treatment compared to

CONV and ORG, with SMAS-1 falling in the middle.

Erosion Control was lowest for ORG and CONV and highest for FOR, and index
values for SMAS-2 and SMAS-1 were not significantly different from FOR. Water
Regulation and Aboveground Biodiversity followed similar trends and SMAS-2 was
not significantly different from FOR for either index. C Storage in FOR was 2-3 times
higher than CONV, ORG, and SMAS-1, but again not significantly different from
SMAS-2. No significant differences were found between treatments for the Soil
Composition and Belowground Biodiversity indices, although FOR tended to provide

higher values for these ES.
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Table 3.4 Ecosystem service composite index values by treatment

Mean index value by treatment. P-value denotes ANOVA of the LME model and letters denote significant
differences (p < 0.05) between treatments based on Tukey pairwise comparisons. CONV = conventional
management; ORG = organic (conventional management without chemical inputs); SMAS-1 = the slash-and-
mulch agroforestry system, converted from CONV and; SMAS-2 = the same as SMAS-1, but converted from FOR
and; FOR = forest-fallow.

ES Composite Index p-value  CONV ORG SMAS-1 SMAS-2 FOR
Provisioning

Production Value 0.105 0.56 0.41 0.53 0.32

Pest & Disease Control <0.001 0.34 a 0.35 a 0.53 ab 0.64 b 1.00 c
Regulation and Maintenance

Erosion Control 0.006 0.36 a 0.31 a 0.59 ab 0.60 ab 071 b
Water Regulation 0.007 0.23 a 0.25 a 0.25 a 0.31 ab 053 b
Soil Composition 0.832 0.55 0.48 0.54 0.51 0.61
Carbon (C) Storage 0.003 0.25 a 0.26 a 0.28 a 0.42 ab 0.66 b
Biodiversity

Aboveground Biodiversity <0.001 0.45 a 0.53 ab 0.73 bc 0.76 c 0.89 ¢
Belowground Biodiversity 0.520 0.54 0.55 0.54 0.34 0.65

3.3.3 PCA of ES indices and correlation with field proxies

The first two principle components explain 48.1% of the variance in the composite
indices, and a distance biplot shows the relationships between ES (Figure 3.1).
Along the first axis (PC1), negative relationships exist between Production Value in
one direction and Erosion Control and Aboveground Biodiversity in the other (see
Table A - 2 for relative contribution of indices to each axis). Positive relationships
were found between Production Value, Water Regulation, Pest and Disease Control,
Soil Composition and Belowground Biodiversity. Along the second axis (PC2),
however, all ES indicators are moving in the same direction, indicating potential
synergies between all indicators. The two SMAS treatments had comparable scores

and score distributions, as represented by the overlapping and similarly shaped
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ellipses in Figure 3.1. Scores for the CONV treatment were tightly grouped,

distributed primarily along the first axis, while scores for ORG were more variable.
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Figure 3.1 Co-variation among ecosystem services indices for cultivated treatments

Distance biplot of the (scaled) first two principal components of all ecosystem service composite
indices for cultivated treatments: CONV = conventional management; ORG = organic (conventional
management without chemical inputs); SMAS-1 = the slash-and-mulch agroforestry system,
converted from CONV and; SMAS-2 = the same as SMAS-1, but converted from forest-fallow. AGBD
and BGBD are aboveground and belowground biodiversity, respectively. See Table A - 2 for the

relative contributions of indices to each principal component.
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In exploring potential field proxies, significant correlations were found with at least
one field proxy for all ES indices in cultivated treatments, but no one field proxy was
indicative of all 8 (Figure 3.2). Stem count of large trees (DBH 10+ cm) was
significantly correlated with the greatest number of composite indices, with positive
correlations with Pest and Disease Control, greater Erosion Control and
Aboveground Biodiversity and a negative correlation with Belowground
Biodiversity. The number of large trees was more highly associated with the C
Storage index, while measuring small trees (DBH < 10 cm) better captured
Aboveground Biodiversity. Canopy cover, soil mulch cover and soil organic matter
all were significantly correlated with half of the indices, with some overlap among

them.

A mass-based measurement of soil mulch cover was more highly correlated with ES
indices compared to a visual estimation. Infiltration was significantly correlated
with Pest and Disease Control and was the only proxy associated with Water
Regulation. Soil organic matter was positively correlated with increased Production

Value and Pest and Disease Control.
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Figure 3.2 Correlation matrix of field proxies and ecosystem service indices

Pearson’s correlation results for field proxies (rows) and ES composite indices (columns). Dark
circles represent positive correlations and light-grey circles negative correlations. Larger circles
indicate a stronger correlation. Only significant correlations (p <0.10) are shown. * Denotes field

proxies are directly included in the development of the ES composite index.

3.4 Discussion

3.4.1 ES indicators and indices
3.4.1.1 Production of crops and fuelwood

Results of this study indicate that the SMAS can provide multiple ES, with potentially

minimal reductions in farm productivity. Crop yields in the SMAS-1 were
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comparable to CONV and ORG while also producing fruit and fuelwood,

demonstrating that strategic management of trees can diversify production without
compromising overall crop production value in these systems. However, production
did not increase under SMAS management, as was found in neighbouring Honduras

(Castro et al., 2009; FAO, 2005). There are several possible reasons for this.

First, El Salvador has the highest average maize yields in Central America, more than
double that of Honduras (IICA, 2009). Low yields under conventional management
in Honduras are likely the result of lower incomes that are associated with reduced
use of fertilizers and improved seed. Thus, the productivity gains from the SMAS
observed in Honduras may be unique to local circumstances, especially when
compared to El Salvador where yields are nearer to their biophysical potential.
Meanwhile, bean yields under both SMAS treatments and maize yields under SMAS-

1 were similar to those achieved with the SMAS in Honduras (Castro et al., 2009).

Maize yields in the SMAS-2 were substantially lower and it is suspected that lateral
shading from the surrounding forest may have had an impact. It was difficult to find
large enough swaths of FOR in suitable sites to clear a buffer around the treatment,
and SMAS-2 plots were often bordered by forest on 2 or 3 sides, resulting in
substantial shading that appeared to negatively impact crop yields. I suspect this
would not be an issue in the case where an entire farm field was managed as SMAS-

2. However, canopy cover was negatively correlated with the Production Value
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index in cropped treatments (Figure 3.2), indicating that careful management of

trees is important to minimize light competition (Beer et al., 1998).

While maize yields under ORG management were less than half that of CONV,
average bean yields were comparable to CONV. The contrasting results for maize
and beans highlight that N supply may be an issue in the ORG treatment, since beans
can supply a substantial portion of their N requirements through fixation.
Additionally, the ORG treatment may be improving micronutrient availability and
buffering pH, allowing beans to do well in this treatment despite having lower
inputs of labile N and P. Beans are especially sensitive to soil acidity, which can
increase with the application of ammonium sulphate. Yield impacts on beans may be
especially important to producers as prices for beans in Central America generally,
and in El Salvador specifically, have been rising steadily and tend to be more volatile

than maize prices (IICA, 2009).

Increased fuelwood and timber production is often cited as a benefit of agroforestry
systems that may incentivize farmers to adopt practices such as the SMAS (e.g,,
Current et al., 1995b; de Sousa et al,, 2016). While fuelwood production in the
SMAS-2 treatment was triple that for CONV, fuelwood value was low relative to crop
value (about 8% of farm revenue, see Table A - 3). It is unclear whether the value of
fuelwood alone would be sufficient to incentivize farmers to adopt the SMAS,
especially if profitability is diminished by reduced yields or increased labor costs. It

is also unclear how fuelwood production in the SMAS compares to potential
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production in FOR. While farmers often harvest fuelwood from forest-fallows, I did
not attempt to measure fuelwood production in FOR and recognize that this would
increase the Production Value index for FOR. Further research on fuelwood
harvesting and household consumption is needed to understand to what degree the

SMAS might offset fuelwood collection in forests and fallows.

3.4.1.2 Pest and disease control

Results from this study may alleviate concerns expressed by some farmers and
technicians in the area that the SMAS and organic management would result in
increased pest and disease pressures. The pest control methods used in the ORG
treatment performed as well as CONV management and the two SMAS treatments
showed reduced presence of pests, weeds and disease, suggesting the SMAS might
enhance control. Other studies have shown that diverse non-crop habitat can harbor
pest predators, resulting in improved pest control (Bianchi et al., 2006; Karp et al,,
2013). Weed control is likely a result of suppressed weed emergence caused by
increased mulch cover in the SMAS (Schipanski et al., 2014), as demonstrated by a
strong negative correlation between mulch and weed presence (Figure A - 1).
Disease control may be a result of multiple plant-soil interactions such as improved
infiltration (Abawi and Corrales, 1990), enhanced soil biological diversity (Kremen

and Miles, 2012) and better plant nutrition (e.g., Zorb et al., 2014).
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3.4.1.3 Erosion control

The two SMAS treatments increased soil mulch cover, which appears to be leading
to reduced soil erosion. Soil mulch cover and absolute change in erosion pin height
were significantly correlated across treatments (see Chapter 4), probably resulting
from both direct (e.g., raindrop interception and reduced runoff velocity) and
indirect (e.g., increased SOM leading to improved soil structure and infiltration)
mechanisms (Elwell and Stocking, 1976). [ used absolute change in erosion pin
height as an indicator of relative erosion as it was significantly correlated with slope
and sediment captured in erosion pits installed on a subset of the plots (see Chapter
4). Soil losses (sediment < 2 mm) in pits ranged from 300 to 1,200 kg ha-1 yr-L.
Studies quantifying soil loss in Central America are scant, but a study from Jamaica
(a slightly wetter climate) found sediment losses of 2,000 to 3,000 kg ha-1 yr-t and
also demonstrated reduced erosion with agroforestry management (McDonald et al.,
2002). My findings strengthen the link between agroforestry, soil mulch cover and
erosion control, and can support erosion modeling and risk mapping for landscape

planning (Delgado and Canters, 2012).

3.4.1.4 Water regulation

Infiltration rates were similar to those found in other studies in Central America
(e.g., Tully et al., 2012) and there was a strong tendency for increased infiltration on
non-CONV treatments receiving elevated inputs of organic matter from trees and

composted manure. Decomposition of organic material can increase SOM, which is
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commonly associated with increased soil aggregation and infiltration (Craswell and
Lefroy, 2001; Franzluebbers, 2002), and indeed positive correlations exist between
SOM and infiltration rates (Figure A - 3). While significant differences in infiltration
rates were not detected between treatments, I did find significant results for
indicators derived from water balance modeling, suggesting that the compounding
effects of infiltration with other site parameters may lead to even more substantial

off-site impacts for water quality and quantity.

For example, increased infiltration rates combined with rainfall captured by the tree
canopy and increased evapotranspiration from trees have a multiplicative effect to
reduce runoff (Bruijnzeel, 2004). In this study, modeled runoff was near zero for
FOR and SMAS-2, demonstrating the potentially dramatic ES benefits for
downstream water quality and flood protection. As a result, forests and agroforestry
systems also enhance groundwater recharge, and deep percolation was

approximately doubled in FOR and SMAS-2 compared to CONV.

3.4.1.5 Soil composition

The 3-year duration of this study likely was not sufficient to observe changes in soil
properties with land management. Furthermore, there was significant spatial
variability in soil properties (Figure A - 2), which can complicate analysis of land-
use impacts (Holmes et al., 2005). But some trends in my results do suggest that

increased tree density may improve soil quality.
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FOR had the highest mean index value for Soil Composition, driven by higher
available P, SOM and pH, and lower bulk density. These are among the most
important chemical and physical soil properties for cultivation in tropical climates
(Velasquez et al., 2007), and studies from other regions show that management
following the SMAS principles can mediate these properties over time (e.g., Kremen
and Miles, 2012; Nziguheba et al,, 2005; Thomazini et al., 2015). However, longer
trials are needed to evaluate the long-term impacts of the SMAS on these soil

properties in the Mesoamerican maize-bean context.

3.4.1.6 Cstorage

Total C storage in the SMAS was similar to that found for other crop and
silvopasture agroforestry systems (e.g., Henry et al,, 2009; Luedeling et al., 2011),
but lower than that generally found for fruit, timber or coffee agroforestry (e.g.,
Kirby and Potvin, 2007). Results of this study indicate that adoption of the SMAS-2
could increase C stocks by an average of 14.8 Mg ha-1 over CONV management. This
amount is likely an underestimate since it does not account for belowground
biomass C (e.g., root biomass), which can contain 20 to 30% (or more) of AGWB
(Brown, 2002). However, I chose not to include belowground biomass as it is highly
variable, especially in agricultural landscapes (Kuyah et al., 2012), and may
confound validation of biomass C predictions from remote sensing, the focus of

Chapters 5 and 6.
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It is difficult to determine from this study whether this amount of C would be
sufficient to enable participation in C markets, as this would depend heavily on C
prices, transaction costs and the time over which this change in C is averaged, which
would be determined by the duration of the rotation with FOR. However, my
findings show that regional C storage potential is substantial. There are an
estimated 6 million hectares under active maize-bean cultivation in Central America
alone (Dixon et al., 2001), indicating that C storage could be increased by up to 89

million tons with widespread implementation of the SMAS.

Increased C storage is expected to come primarily from AGWB as I found no
significant differences in soil C stocks between treatments, although the same issues
of study duration and spatial variability discussed in Section 3.4.1.5 apply here.
However, maintaining regular inputs of organic matter to the soil is especially
important in the tropics due to rapid decomposition and SOM turnover, and it is
possible that soil C stocks under CONV management would decrease over time
(Fonte et al,, 2010). The ORG treatment did receive elevated inputs of organic
matter in the form of composted manure, but transport of such materials in steep

landscapes is challenging.

Despite the high density of small trees in the SMAS, AGWB-C was principally driven
by the number of large trees (DBH > 10 cm) within a plot. Others have noted the
disproportionate contribution of large trees not only to C storage (e.g., Chave et al,,

2001) but also to wildlife habitat and cultural values in smallholder systems
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(Marinidou et al., 2013). Management of large trees is therefore requisite if C
sequestration is to be a primary objective of the SMAS, and would likely enhance

other ES not measured in this study.

3.4.1.7 Biodiversity

Both SMAS approaches maintained species richness comparable to that found by
other agroforestry studies in Central America using similar sized plots (Ferguson et
al,, 2003; Richards and Méndez, 2014). Species richness in the SMAS approached
levels observed in FOR, which was low relative to forests in more humid tropical
climates (e.g., Chave et al,, 2001; Finegan and Delgado, 2000), although differing plot
sizes and species assemblages makes comparison difficult without further analysis
(Gotelli and Colwell, 2001). Many of the trees in the SMAS came from natural
regeneration, as observed in other agroforestry systems in Central America (e.g., de
Sousa et al., 2016). However, planting trees, as was done in the SMAS-1 treatment,
may help to more quickly achieve biodiversity goals, especially if converting low
diversity conventional fields to the SMAS. Planting also provides an opportunity for
farmers to select species and diversify production (e.g., fruit trees and fodder),

thereby increasing the relative value of biodiversity to farmers.

The tendency for increased macrofauna abundance in cultivated plots compared to
FOR aligns with findings from studies on the SMAS in neighbouring Honduras

(Fonte et al,, 2010; Pauli et al.,, 2011). The Honduran studies found that secondary
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forest plots contained lower macrofaunal abundance than agroforestry plots,
perhaps due to lower quality litter in forests, which consist primarily of senesced
leaves rather than pruned mulch (Fonte et al., 2010). While cultivation appeared to
increase overall macrofauna abundance, I found lower species diversity in
cultivated plots, which may reflect the dominance of hardy and adaptable fauna, and
the loss of more sensitive taxa that can occur with forest conversion (Pauli et al.,
2011; Rousseau et al,, 2013). Finally, the lack of statistically significant differences
for Belowground Biodiversity indicators between management practices may again
reflect the high spatial variability of soil properties (Figure A - 2) and relatively

short treatment period.

3.4.2 ES synergies and trade-offs

A PCA analysis of the relationships between ES by treatment showed that the SMAS
better demonstrates potential ES synergies compared to CONV. The upper left
quadrant of the distance biplot in Figure 3.1 (positive loading along the PC-2 axis
and negative loading on the PC-1 axis) represents potential synergies between
Production Value, Water Regulation, Pest and Disease Control, Soil Composition and
Belowground Biodiversity. The tight directional grouping of Soil Composition,
Water Regulation and Pest and Disease Control suggests synergies with strong
theoretical underpinnings. For example, increased SOM is associated with higher
infiltration rates, which in turn can reduce the incidence of bean diseases favored by

high soil moisture content (Abawi and Corrales, 1990). The parallel loading for
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Belowground Biodiversity may indicate further mediation of pests or diseases from
host dilution (Kremen and Miles, 2012). The loading for Production Value runs in a
similar direction, suggesting that these synergies among regulating services are

translating into increased production.

All of the points lying within the synergistic portion of the biplot described above
are from SMAS-1, SMAS-2 and ORG plots, showing that the plots with the highest
values of multiple ES belong to these treatments. The directional spread of plots
within each treatment (indicated by the ellipses in Figure 3.1) demonstrates the
types of trade-offs or synergies occurring within each management system.
Groupings for the SMAS-1 and SMAS-2 plots are spread along the upper-left to
lower-right diagonal, suggesting that the synergistic regulating ES mentioned above
are more likely to translate into higher productivity for these plots, and low

productivity occurs when provision for these ES is also low.

On the other hand, CONV plots tended to have a lower occurrence of synergies
between multiple ES and instead showed trade-offs between Production Value and
non-production ES, as indicated by negative loadings on the PC-2 axis and a
directional spread along the PC-1 axis. Others have found similar trade-offs between
provisioning and regulating ES in intensified agricultural landscapes (Kremen and
Miles, 2012; Nelson et al.,, 2009; Pilgrim et al., 2010; Raudsepp-hearne et al., 2010;
Schipanski et al,, 2014), while trade-offs among regulating services were rarely

observed (Pilgrim et al., 2010; Schipanski et al., 2014). ORG plots were more
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variable as indicated by the wide ellipse and fell between the SMAS and CONV plots,
suggesting that the best management within the conventional (non-tree-based)
system may improve synergies slightly, but that the tree-based principles of the

SMAS are central for the ES evaluated in this study.

3.4.3 Field proxies for multiple ES

By measuring just three field proxies - SOM and stem counts of small and large trees
- one could ostensibly estimate the provision of all ES measured in this study except
Water Regulation (Figure 3.2). Infiltration was the only field proxy significantly
correlated with the Water Regulation index, and direct monitoring of infiltration
rates may be required to ensure that water-related ES are accruing. However, given
that many of the ES indicators used to develop the Water Regulation index were
modeled rather than measured, it is possible that the model does not fully capture
the complexity of hydrologic factors and therefore difficult to conclude that other
proxies aren’t associated with water-related ES. For example, SOM was significantly

correlated with infiltration (Figure A - 3), but not the Water Regulation index.

The findings of this study emphasize the importance of monitoring trees of all sizes.
Small trees are an important source of mulch, contribute to biodiversity and indicate
the sustainability of the SMAS, since they represent healthy regeneration required
to replace larger trees that may have a shortened lifespan due to pruning. Larger

trees are critical for AGWB-C storage (Stephenson et al., 2014) and their abundance
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does not correlate with lower yields, but strategic management to minimize canopy

cover is required to avoid yield reductions (Figure 3.2).

While increased stem counts were correlated with several ES indices, the diversity
of these trees may also be important, and measuring aboveground biodiversity may
still be desirable. Since all of the SMAS plots in this study contained a diverse mix of
tree species by design, it was impossible to compare against an agroforestry system
with high stem counts and low diversity; but some studies have suggested that
synergies exist between tree diversity and ES benefits (e.g., Richards and Méndez,
2014). Soil mulch cover appears to be an important field proxy for multiple ES,
especially erosion control, although visible estimation may be a less reliable

monitoring approach than biomass sampling (Figure 3.2).

3.4.4 Implications for management, ES monitoring and PES

This study demonstrates that agroforestry can increase multiple non-production ES
benefits compared to either CONV or ORG management, approaching the services
provided by secondary forest-fallows in the study area (Figure 3.3 and Figure A - 4).
In this 3-year study, I found no clear impacts of management on belowground
biodiversity or soil composition, however it is noteworthy that these two indices
were highly correlated (Figure 3.1 and Figure A - 4), supporting the growing
evidence that biological, biophysical and biochemical interactions influence soil

health (Brussaard et al., 2007).
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For illustrative purposes I quantified the overall ES provision by summing all the ES
composite indices for each treatment (Figure 3.3, inset). This value is highest for
FOR (4.1 out of a maximum possible of 6.0), while the SMAS-2 and SMAS-1
treatments had intermediate values (about 25% lower than FOR) and the CONV and

ORG treatments had the lowest values (about 45-50% lower than FOR).

Quantifying overall service provision could be a simple way to compare land
management strategies, and is indeed the goal of some ES evaluation tools (Bagstad
et al.,, 2013). However, such a quantitative approach presents several issues. First,
the selection of ES indicators and indices can never be exhaustive and is by
necessity arbitrary, constrained by methods, data availability, resources and
evaluation objectives. For example, in this study, comparisons to the ORG system
may be limited. The ES indicators measured were chosen primarily to test the
expected benefits of tree-based systems. In the ORG treatment, agrochemical inputs
were replaced with organic options, but the SMAS principles commonly associated
with agroforestry and conservation agriculture were not implemented. It is possible
that ORG management provides other ES benefits not measured in the study, such as
increased mycorrhizal colonization and its associated benefits (Gosling et al., 2006)

or enhanced crop pollination (Kennedy et al.,, 2013; Kremen et al., 2002).

Second, deciding how important individual indicators are to overall ES provision is
not straightforward. I used PCA in an effort to objectively determine indicator

weights for construction of the composite indices, but did not weight composite
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indices for the overall provisioning index. Therefore, the relative weights (or
importance) attributed to ES indicators determined the final ES index value, but ES
indices equally contributed to the overall provisioning index. In practice, neither
indicators nor indices can be weighted ‘objectively’, as different stakeholders have
different perceptions of the relative value of services (Chan et al.,, 2016; Hauck et al.,
2013), and demand for services varies over space and time (Chan et al., 2006).
Weighting is problematic and controversial (Satterfield et al., 2013), but regional ES
indices show promise as a strategy to rank ES provision and scale PES within a given
context (e.g., Marinidou et al.,, 2013; Pagiola et al., 2007), and participatory
approaches have begun to incorporate stakeholder values into relative ES weights

(Satterfield et al., 2013; The Plan Vivo Foundation, 2013).
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Figure 3.3 Radar chart of non-production ecosystem services

Comparison of non-production ecosystem service composite index values (main) and bar chart of
total the sum total of all indices (inset; error bars denote standard deviation) by treatment. The
shaded area represents the forest-fallow (FOR) reference treatment and lines show the four
cultivated treatments: CONV = conventional management; ORG = organic (conventional management
without chemical inputs); SMAS-1 = the slash-and-mulch agroforestry system, converted from CONV
and; SMAS-2 = the same as SMAS-1, but converted from FOR.

Farmer involvement in this study and varying site conditions led to a wide range of
tree densities and species in the SMAS treatments, highlighting the system’s
adaptability. This flexibility is important for reasons outlined in Section 3.1, but

presents challenges for quantifying the expected contribution of such systems to
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individual ES indicators. This quantification is increasingly desired by programs
seeking to enhance the provision of individual ES (Naeem et al., 2015). This study
was able to provide empirical quantification for some indicators, but more
importantly demonstrates a consistent pattern supporting the hypothesis that the
principles of the SMAS do, in fact, enhance multiple ES and encourage synergies
between them. My findings also suggest that diversification of farming systems and
agroecological principles associated with SMAS implementation may be more
important for ES supply than simply replacing chemical inputs with organic

alternatives.

Finally, incentives such as PES and improved access to credit may be required for
widespread adoption of the SMAS or organic management to occur. Profitability of
the SMAS-1 was about the same as CONV, while SMAS-2 and ORG were lower (Table
A - 3), demonstrating that direct incentives for farmers in the immediate term (e.g.,
increased fuelwood production, lower input costs and reduced labour) are low, at
least in the context of this study area. Other potential benefits to farmers such as
improved soil fertility and increased yields were not observed in this three-year
study, suggesting they would only accrue in the long-term, and smallholder farmers
without access to capital or secure land-tenure may struggle to invest in systems

with long-term payoffs (Engel and Muller, 2016).

Incentives need to be combined with supporting policies and continuing collective

action to address other issues. For example, Hellin et al. (1999) found that the SMAS
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was not adopted where available land area was sufficient to allow shifting slash-
and-burn agriculture to continue, and the lack of family labour due to out-migration
can be a barrier to adopting new practices (Ayarza et al., 2010). Ayarza and Welchez
(2004) noted the importance of policies banning burning and long-term interactions
among diverse stakeholders to build knowledge and technical capacity.
Implementation of the SMAS combined with increased community awareness
eventually led to a shift in perceptions, and land value under SMAS management in

Honduras is now 30% higher than in areas without it (Ayarza et al., 2010).

In summary, I have three general recommendations for ES-related outreach, policy

and incentive programs for hillside smallholder maize-bean growing regions:

(1) Promote the principles of the SMAS (eliminating burning, maintaining a
permanent vegetative soil cover or ‘mulch’, and; intercropping with diverse
tree species)

(2) Focus on multiple ES groups rather than tying incentives or regulations to a
single ES

(3) Design monitoring programs to measure field proxies (e.g., tree stem counts,
SOM) that relate to multiple ES and reflect the principles of the SMAS, rather

than seeking out binary definitions of agroforestry
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3.5 Conclusions

Using controlled on-farm experiments, | empirically demonstrated that the SMAS
improves some indicators of non-provisioning ES compared to conventional and
organic management systems without trees. Results show that substantial ES
benefits can accrue within just three years of conversion from conventional
management (SMAS-1), comparable to those found for traditional SMAS
establishment from a forest-fallow (SMAS-2). These ES increases can potentially be
achieved without significant reductions to overall crop production value, although
challenges with the study design (e.g, lateral shading in SMAS-2) make it difficult to

determine the exact impact of mature SMAS on maize and bean yields.

The inherently flexible design of the SMAS addresses some of the critiques of
previous agroforestry research, but leads to high variability, potentially limiting the
ability to statistically detect ES enhancements in a study of moderate resources. By
developing composite indices of multiple ES I was able to identify patterns showing
that the SMAS enhances multiple ES and better capitalizes on synergies between
regulating and provisioning ES compared to conventional management. Results for
organic management were less clear, however the study was designed primarily to

evaluate the ES benefits of agroforestry.

[ also identified simple field proxies that correlate well with multiple ES, with

important implications for management and monitoring strategies. For example,
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monitoring schemes should measure both small and large trees, as small trees
contribute to biodiversity and system sustainability, while large trees are critical for
C storage. However, strategic management of large trees will be necessary to
minimize canopy cover and potential negative yield impacts. Policies and incentives
focused on multiple ES can support long-term collective action to build farmer
knowledge and technical capacity, overcome any yield losses that may occur during
transition and develop community awareness around the multiple ES benefits

provided.
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4 Improving the utility of erosion pins: absolute
value of pin height change as an indicator of

relative erosion rates

4.1 Background and introduction

Erosion pins are an inexpensive method to estimate hillslope soil erosion and
deposition used by numerous studies with varied success (Benito et al.,, 1992; Diaz-
Fierros et al., 1987; Edeso et al., 1999; Haigh, 1977; Hancock and Lowry, 2015; Shi et
al,, 2011; Sirvent et al., 1997). Typically, narrow metal pins are inserted into the soil
to a known depth in a grid or transect pattern along a hillslope, and the length of the
pin protruding from the soil is measured at multiple points in time (Haigh, 1977).
Most studies calculate annual erosion/deposition rates (also called ground
advance/retreat or ground lowering) as the mean net change in pin height for a
given experimental unit, usually given in mm yr-1. This mean net change value is
often then converted to a unit mass per area (e.g., kg ha'! yr-1) using the soil bulk

density (e.g., Benito et al., 1992).

This approach has the obvious advantage of quantifying erosion/deposition rates at
arelatively low cost and intuitively it makes sense. While some studies have found
that erosion pin data analyzed in this way is congruent with other erosion

estimation methods and related variables (e.g., Edeso et al., 1999), many others have
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observed weak or lacking relationships with erosion rates estimated using other
methods and with variables that one would expect to be strongly correlated with
erosion, such as slope or precipitation. For example, a review by Haigh et al. (1977)
reported that several studies found no correlation between erosion pin
measurements and topographic variables, including slope. Diaz-Fierros et al. (1987)
did not find a relationship between soil erosion estimated from pins and that
estimated by the Universal Soil Loss Equation (USLE) in northern Spain, and also
noted a lack of correlation with slope. More recently, Hancock et al. (2010) found no
apparent relationships between erosion/deposition patterns and hillslope position
or soil C concentration at a study site in Australia measured using erosion pins.
Likewise, they found no correlation between pin data and caesium-137 (137Cs)
radioisotope concentrations (an indicator of soil erosion). Another recent study in
Australia did not find statistically significant relationships between erosion pin data
and topographic variables derived from high-resolution LiDAR or rainfall data

(Hancock and Lowry, 2015).

The incongruence between erosion estimated from pins and other methods, and the
lack of correlation with erosion-related variables, calls into question the utility of
using the mean net change in pin height for certain applications - for example, when
evaluating the treatment effects of different land-management practices. To further
elaborate, in a location experiencing large amounts of soil movement, some pins will

experience high rates of erosion while others will experience high rates of
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deposition between measurements. When the mean net change value is taken for a
given experimental unit and measurement period, pins experiencing erosion (a
positive change value) and pins experiencing deposition (a negative change value)
will offset each other, and the final change value is often near zero (Luffman et al,,
2015). This can mask the magnitude of overall soil movement, which could limit the
ability evaluate the soil conservation impacts of different land management options
and may explain the lack of correlations observed in the aforementioned studies.
Some studies have noted that the spatial pattern of erosion pin data is more
randomly distributed than that of erosion predicted by other methods (e.g., Shi et
al,, 2011), suggesting that in an erosive environment individual pins will experience
both erosion and deposition at varying and random rates between measurements.
In many cases, soil may move downslope in waves, and soil deposited at a pinin a
given measurement period may be more available for transport during subsequent

rain events (Hancock and Lowry, 2015).

An alternative (or complementary) approach to using the mean net change value
that incorporates the ‘real number’ change in pin height (i.e., both positive and
negative change values) is to use the mean absolute value of pin height change to
capture the overall magnitude of soil movement and erosive activity (Couper et al.,
2002; Luffman et al., 2015). Using the absolute value, rather than net pin height
change, assumes that both soil loss and deposition around a pin are part of the

erosion process, therefore avoiding some of the challenges mentioned above.
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However, to the best of my knowledge, the absolute value has only been utilized in
one other pin-based study of hillslope erosion (Luffman et al., 2015), and has only

been directly discussed in the context of river bank erosion (Couper et al., 2002).

[ propose that the absolute value of pin height change offers a valid and
underutilized indicator of hillslope soil erosion that may be especially useful in
comparative studies assessing the soil conservation potential of differing land
management practices. In order to test this assumption, I compared both the
absolute and ‘real number’ change in erosion pin height against modeled erosion,
related factors (e.g., slope and soil cover), and soil loss collected in erosion pits
within experimental plots under five hillslope agricultural management systems of

varying soil conservation potential.

4.2 Methods

4.2.1 Erosion pin installation and measurement

This study was conducted across 25 experimental plots (12 x 20 m), separated into
five treatments replicated on five farms within the municipality of Las Vueltas (see
Section 2.2 and Figure 2.1). The plots were part of the larger study conducted in
Chapter 3 comparing ecosystem service provision under four maize-bean
production systems - conventional (CONV), organic (ORG) and two ‘slash-and-

mulch’ agroforestry systems (SMAS-1 and SMAS-2) - and a forest-fallow (FOR)
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reference site. A complete description of the experiment and its motivations can be

found in Section 3.2.

Steel erosion pins (0.6 cm diameter, 40 cm length) were installed in the
experimental plots in May 2013, prior to maize planting. Pins were placed in a grid
pattern of 3 columns and 6 rows at 3 m x 3 m spacing for a total of 18 pins per plot
(Figure 4.1) Pins were hammered into the soil perpendicular to the slope, leaving
approximately 10 cm protruding from the soil surface (Figure 4.2), following

recommended practices (Haigh, 1977).
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Figure 4.1 Diagram of erosion pin setup
The gridded layout of erosion pins within the experimental plot (18 pins) and erosion collection

subplots (8 pins, inset).
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Eight additional pins were installed in 2 x 5 m erosion collection subplots
established within a subset of the larger experimental plots (Figure 4.1). These
subplots were installed on 6 of the cultivated treatment plots, 3 under conventional
management (CONV) and 3 under one of the ‘slash-and-mulch’ agroforestry systems
(SMAS-1). Each collection subplot was bordered with metal sheeting protruding at
least 10cm vertically from the soil surface to prevent overland run-on of water, soil
and other debris from upslope. Sediment was collected approximately biweekly
from plastic-lined collection pits (approximately 1.8 x 0.5 x 0.5 m) located on the
downhill edge of each subplot. Collected sediment was oven-dried for 24 hours at
105° C, sieved to 2 mm, and both the coarse and fine fractions were weighed and
converted to Mg ha-1. Data from one collection subplot was removed due to a failure
of the metal border and substantial run-on into the collection pit from outside the

subplot.

For this study, pin protrusion was measured 7 times between April 2015 and
February 2016 (covering the entire 2015 rainy season) using a digital depth gauge
(0.02 mm precision; Figure 4.2), and each pin was checked for damage or
disturbance during every measurement. Only pins that remained undisturbed for
the entire study period were used to calculate the mean overall change in pin height
for each plot (n = 25) and subplot (n = 5), calculated as both the real number value

and absolute value of pin height change in mm over the 10-month period. The real
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number value is the average change in pin height during the measurement period
and can be positive or negative. Positive numbers indicate erosion from around the
pin (increased pin protrusion) and negative numbers indicate deposition. The
absolute value (always positive) indicates the magnitude of both erosion and
deposition, but does not distinguish between the two. Pin data was cleaned prior to
analysis by removing extreme values, identified as measurements exceeding three

standard deviations of the sample distribution of all undisturbed erosion pins.

Digital depth
gauge

<— Erosion pin

Figure 4.2 Graphical depiction of installed erosion pin measured with a digital depth gauge
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4.2.2 Correlating erosion pins with modeled and measured erosion

[ used data collected from the 240-m?2 experimental plots to develop erosion-
prediction factors and model annual soil loss using the RUSLE (Renard et al., 1997)

as

A=R*K*L*S*C*P [Equation 1]

where A is annual computed spatial average soil loss, in Mg ha-1 yr-1; R is a rainfall-
runoff erosivity factor; K is a soil erodibility factor; L is a slope length factor; Sis a
slope steepness factor; C is a cover management factor and; P is a support practice

factor.

The R factor was calculated following Renard et al. (1997) and using the equation
from Brown and Foster (1987) cited within. Precipitation data was collected in 10-
minute intervals from automatic tipping bucket rain gauges (Davis Instruments;
Hayward, CA, USA; Model No. 7857) installed at each farm. The K factor was
developed using the equation provided by Lim et al. (2011), converted to SI units
(Renard et al., 1997). This equation requires the percentage of sand, silt and clay
present in the soil, which was obtained from soil samples collected in each plot and
analyzed at the CENTA (Centro Nacional de Tecnologia Agropecuaria y Forestal)
laboratory in El Salvador (see Chapter 3). The L and S factors were computed from
the slope length (20 m) and degree slope of each plot following Renard et al. (1997)

and McCool et al. (1987) cited within. Slope was measured in degrees up- and down-
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slope from the center of each plot using a clinometer, and the average taken as the

overall plot slope.

The C factor (cover management) was calculated based on canopy- and surface-
cover subfactors (Renard et al., 1997). The canopy-cover subfactor (CC) was
developed using the fraction of land surface covered by canopy and the average tree
canopy height measured in each plot (see Chapter 3). The surface-cover subfactor
(SC) was calculated from the percentage of land area covered by surface cover, using
a surface roughness value of 0.80 (representing no-tillage) and a coefficient
constant of 0.035, typical for cropland where rill and interill erosion occur (Renard
et al,, 1997). A P-value of 1.0 was assigned to all plots, since no conservation
practices were employed apart from cover management, which was already

included in the C-factor.

[ compared both the absolute value and net real number value of pin height change
in each of the 25 experimental plots (excluding the pins in the collection subplots) to
modeled annual erosion (A4) using Pearson’s correlation to assess the likelihood that
each pin method is related to expected erosion occurring in the plot. I also checked
the correlation with each of the RUSLE erosion-prediction factors to evaluate how
strongly each pin assessment method was related to rainfall, soil, topographic and

vegetation features.
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In addition to comparing pin data to modeled erosion in the experimental plots, I
checked correlation with soil loss in the five erosion collection subplots. I calculated
the Mg ha! of total soil (coarse and fine fractions combined) and sediment (fine
fraction only, < 2 mm) collected in each pit during the 2015 rainy season and
compared this with the mean absolute and real number pin height change for the
pins located within each collection subplot. For correlation analysis, [ used the stats
package in R (R Core Team, 2013) to compute the Pearson’s product-moment
correlation coefficient (i.e., Pearson’s r) and statistical significance of correlation

(i.e., the p-value) for each variable combination.

4.2.3 Statistical analysis of management effects on erosion

In order to evaluate the utility of the absolute value and real number value to
measure erosion, both were used in statistical analyses to detect differences in
erosion between plots, as grouped in two ways: (1) by the five management systems
described above and (2) by three cover classes reflecting ‘high’, ‘medium’ and ‘low’
vegetative cover. The three cover classes were defined as the upper, middle and
lower quantiles of C-factor classes across plots since vegetative cover was expected

to be the strongest management factor affecting erosion.

A linear mixed effects model was run using the Imer package in R (R Core Team,
2013), with plot grouping set as the fixed effect and farm location included as a

random effect to account for site differences. The same statistical analyses were also
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performed using the RUSLE-predicted erosion rates for comparison. All significant

differences were tested at p < 0.05.

4.3 Results

Of the 450 pins initially installed in the experimental plots, 54 were removed due to
suspected disturbance and 7 removed as extreme values. This left 389 pins in the
final dataset, with each experimental plot retaining an average of 16 pins and no
fewer than 11 pins. Only 5 pins were removed from the collection subplots: 4 due to

suspected disturbance and 1 as an extreme value.

The absolute value of pin height change was strongly correlated with RUSLE-
predicted annual erosion rates in the 25 experimental plots, while no relationship
was found for the real number value (Figure 4.3). Looking at the individual factors
used in the RUSLE shows a similar pattern. The absolute value of pin height change
was significantly correlated with RUSLE factors and sub-factors related to slope and
cover (L, S, C, CC, SC), but not rainfall (R) or soil erosivity (K); no statistically

significant correlations were found for the real number value (Table 4.1).
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Table 4.1 Correlation of erosion pin measurements with individual RUSLE factors

Pearson’s product moment correlation coefficients for the mean absolute value (ABV) and real
number value (RNV) of change in erosion pin height in experimental plots (n = 25) with individual
factors from the Revised Universal Soil Loss Equation (RUSLE). P-values of correlation tests between
paired samples are denoted as follows: * = p <0.10, ** =p <0.05and, *** =p<0.01

Factor Description Factor ABV RNV
Rainfall factor R -0.216 0.224
Soil erosivity factor K 0.064 -0.014
Slope length factor L -0.529 *** -0.063
Slope steepness factor S 0.521 *** 0.072
Cover-management factor C 0.535 *** -0.17

Canopy-cover sub-factor cc 0.393 * 0.115

Surface-cover sub-factor SC 0.398 ** -0.235
Annual erosion (Mg ha-1 yr-1) A 0.671 *** -0.084

For the five erosion collection plots, stronger correlations were also found for the
absolute value of pin height change for both total soil loss and sediment (< 2mm)
loss (Table 4.2), although they were only significant at p < 0.10. A negative
relationship was observed for the real number value change, but correlations were

not statistically significant (Table 4.2).

Erosion rates ranging between 23 - 76 Mg ha1 yr-1 were predicted using the RUSLE
in the experimental plots (240 m2) and measured erosion of 0.6 - 2.1 Mg ha'1in
collection subplots (10 m2), more than an order of magnitude difference. The
smaller size of the subplots makes comparison with RUSLE-predicted erosion in the
experimental plots difficult due to differing slope lengths. When I changed the slope
length of the RUSLE to reflect the subplot size, predicted erosion ranged from 3.3 -

7.3 Mg ha-1 yr-1in the subplots (data not shown), closer to the rates estimated from
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sediment collection but still not overlapping. The protected design of the collection

subplots may be responsible for the remaining discrepancy.

Erosion and deposition rate estimates calculated from the real number change in
pin height and soil bulk density in experimental plots ranged from a loss (erosion)
of 107 Mg ha1 yr-1 to a gain (deposition) of 40 Mg ha1 yr-1, and were not correlated
with predicted erosion (data not shown).

Table 4.2 Correlation of erosion pin measurements with soil and sediment loss

Pearson’s product moment correlation coefficients for the mean absolute value (ABV) and real
number value (RNV) of change in erosion pin height in subplots (n = 5) soil and sediment collected
in pits. P-values of correlation tests between paired samples are denoted as follows: * = p < 0.10,
**=p<0.05and, ***=p<0.01

Material Range (Mg hal) ABV RNV
Soil 0.6-2.1 0.815 * -0.338
Fine sediment (< 2mm) 03-1.1 0.822 * -0.374
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Figure 4.3 RUSLE-modeled and pin-measured erosion by management systems and cover class

Relative erosion comparisons between management systems (plots (a) - (c)) and cover classes (plots

(d) - (f)), using erosion predicted by the Revised Universal Soil Loss Equation (top row), the absolute

value (ABV) of change in erosion pin height (middle row) and the real number value (RNV) of change

in pin erosion pin height. Error bars represent one standard error. Significant differences (p < 0.05)

between categorical x variables are denoted by different letters. Points with the same letters are not

significantly different and plots without letters had no significant differences. See text for an

explanation of acronyms.
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No significant differences were found between management systems, regardless of
the method used to predict or measure erosion (Figure 4.3). Significant differences
in RUSLE-predicted erosion were found between all three cover classes, and using
the absolute value of pin height change, differences were detected between the
‘high’ and ‘low’ cover classes, although the ‘medium’ class could not be statistically
distinguished from either of the other classes. No differences were detected

between classes using the net real number value change in pin height.

4.4 Discussion

In this study, | found that the absolute value of pin height change is better able to
detect significant differences in erosion between plots expected to have differing
rates of soil loss, for example as a result of increased vegetative cover. While no
significant differences were found between management systems, there is a pattern
of decreasing RUSLE-predicted erosion in tree-based systems (i.e.,, SMAS and FOR),
which were expected to increase soil and canopy cover (Figure 4.3a). This pattern
was reflected in the absolute value of pin height change (Figure 4.3b), but
disappeared when using the net real number value (Figure 4.3c). Increasing
vegetative cover did decrease predicted erosion and the absolute value of pin height
change (Figure 4.3d,e), indicating that management systems that increase
vegetative cover sufficiently should reduce soil loss. However, this reduction was
not detectable when analyzing change in erosion pin height using the net real

number value (Figure 4.3f).
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The absolute value was strongly correlated with multiple erosion-related factors (in
addition to RUSLE-predicted erosion), while the real number value showed no
relationship with any factor (Table 4.1). These findings support the few other
studies that have used absolute value to compare erosion pin data with erosion-
related variables such as hydro-meteorological data (Couper, 2003; Couper et al,,

2002; Luffman et al., 2015).

Looking more closely at my results, the absolute value captures interactions
between slope and cover management - the variables driving erosion rates in the
experimental plots. Absolute value was more strongly correlated with the cover-
management factor (C) than with the individual sub-factors used to calculate it (CC
and SC), and an even stronger correlation was found for the final predicted annual
erosion rate (Table 4.1). This observation that correlation was higher for factors
derived from the interaction of other factors or sub-factors further supports my
hypothesis that the absolute value of pin height change can serve as a valid indicator

of soil erosion.

When using erosion pins for comparative analysis between land management
practices or monitoring changes in erosion over time, the absolute value of pin
height change is likely a better indicator than the net real number change (i.e.,
ground advance/retreat) when negative change values are observed. Individual pins
experienced both erosion and deposition over time indicating substantial soil

movement, but the net change in pin height for any given measurement period

83



appeared to be episodic and random, thereby masking differences resulting from
management. Given a long enough measurement period, the net change in pin
height may reflect actual erosion/deposition rates, but this period is unknown a

priori and may be impractical for many research and monitoring applications.

One argument against using the absolute value is that the ability to quantify
erosion/deposition rates is lost. However, it may be possible to calibrate the
absolute value of pin height change to measured erosion rates using other methods
(e.g., collection pits or radioisotope concentrations) or modeled erosion rates (e.g.,
using the RUSLE) from a subset of plots or from suitable reference sites. For
example, the relationships between the absolute value of pin height change and
RUSLE-predicted erosion, or sediment collected in pits, could be used to predict
erosion in similar locations using pin measurements alone. In this study, the
strength of these relationships for making such predictions is debatable. The
discrepancy between predicted erosion rates in the experimental plots and
measured erosion in the subplots highlights that plot size and site conditions should
be carefully considered if seeking to extrapolate relationships between erosion rates

and pin measurements to other areas.

Additional research is needed to better understand the utility of calibrating erosion
pins for accurate low-cost monitoring. Likewise, I encourage other researchers to

evaluate the relationship of the absolute value of erosion pin height change with
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erosion-related variables on existing and new datasets to corroborate or refute my

findings that this method is an improved indicator of relative erosion.
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5 High-resolution carbon mapping to support
investments in ‘climate-smart’ agriculture:

making the case for a landscape approach

5.1 Background and introduction

Multiple benefits can be realized at both the farm and landscape scale when
managing for C storage in smallholder agriculture (Harvey et al., 2013). Benefits
include reduced erosion, increased habitat and biodiversity, improved nutrient
cycling and yield stability (Steenwerth et al., 2014); however, due to a variety of
methodological concerns related to C monitoring, international and voluntary
agreements on land-use-related C mitigation have largely omitted agriculture, and
have instead been restricted to reforestation and afforestation activities (Pelletier et
al,, 2012). Agroforestry management can store substantial amounts of C in
aboveground woody biomass (AGWB; e.g., Henry et al., 2009) and soil (Lorenz and
Lal, 2014). It is considered a form of ‘climate-smart agriculture’ (CSA) because it can
serve to both mitigate climate change through increased terrestrial C storage and
increase the resilience of agricultural systems (e.g., through the benefits mentioned
above), thereby improving farmers’ ability to adapt to an already changing climate

(Steenwerth et al.,, 2014; Verchot et al., 2007).
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There is growing interest in including CSA practices like agroforestry in C mitigation
programs, such as the UN’s Reducing Emissions from Deforestation and Forest
Degradation (REDD+) program (e.g., Harvey et al.,, 2013; Steenwerth et al.,, 2014),
and efforts are underway to develop strategies to monitor C sequestration
associated with changes in smallholder agricultural land management (Gomez-
Castro et al., 2010; Henry et al., 2009; Marinidou et al., 2013; Rosenstock et al.,
2016). Small farm sizes, low C sequestration rates per hectare and inaccessibility in
smallholder landscapes often result in unacceptably high costs when attempting to
monitor C at the farm scale (Cacho et al., 2013). This not only hampers efforts to
assess the C mitigation benefits of CSA, but has also led some authors to conclude
that agroforestry-based C contracts with individual farmers would likely be

impractical at current C prices (Henry et al.,, 2009; Luedeling et al., 2011).

An alternative is to develop C contracts with groups of landholders or organizations
at the landscape scale (e.g. the scale of watersheds, communities, municipalities,
etc.), rather than with individual farmers. This approach offers several potential
benefits: 1) reduced monitoring and transaction costs and uncertainty if C
accounting occurs at more aggregated scales rather than on individual farms; 2)
increased flexibility for communities to promote or incentivize CSA for multiple
benefits, beyond just C storage (Harley et al., 2012); and 3) the ability to achieve C
storage through a suite of interventions (e.g. agroforestry, fire management,

afforestation and reforestation), allowing activities to be dynamic and meet the

87



needs of individual land managers and communities within the same contract

(Chhatre and Agrawal, 2009; Harley et al., 2012; Stringer et al., 2012).

A key step to developing landscape-scale C contracts is the development of accurate
C monitoring methods at aggregated scales (Scherr et al., 2012), especially for C
stored in AGWB. The simplest and most common methods to estimate landscape
AGWB-C are inventory-based or ‘stratify and multiply’ approaches (Goetz et al.,
2009). Specifically, these approaches involve assigning a single C value, or a range of
values, to individual vegetation, thematic or land use/land cover (LULC) classes and
then multiplied by class areas estimated from satellite imagery, existing maps,
census data or other sources. These approaches face challenges for monitoring
changes in AGWB-C with CSA adoption, especially in smallholder landscapes
(Kearney and Smukler, 2016). For example, CSA practices exist along a gradient,
confounding binary definitions of what is and is not CSA, thus complicating
assignation of specific C values to each LULC class. Furthermore, calculating LULC
class area totals is exceptionally challenging in smallholder landscapes due to small
field sizes, highly heterogeneous management practices, shifting cultivation and

rapid changes in land use over time.

Monitoring approaches utilizing remote sensing data to develop wall-to-wall AGWB-
C maps show promise to overcome the challenges of ‘stratify and multiply’
approaches in smallholder landscapes, although with limitations (Gibbs et al., 2007).

AGWB estimations from passive optical satellite sensors have generally been
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considered too uncertain to meaningfully monitor AGWB-C due to a variety of
complications such as biomass saturation effects (i.e., small changes at high levels of
biomass not being accurately detected by “greenness’ remote sensing indicators)
and highly heterogeneous landscapes resulting in mixed-pixels (Goetz and Dubayah,
2011; Ravindranath and Ostwald, 2008; Zolkos et al., 2013). However, increasing
spatial resolution of imagery and advanced processing techniques are yielding
improved accuracy in estimating AGWB-related vegetation parameters from optical
satellite imagery. For example, the accuracy of optically-derived AGWB estimations
has been improved by incorporating texture variables representing the structural
arrangement of surfaces within prediction models (Castillo-Santiago et al., 2010;
Eckert, 2012; Fuchs et al., 2009; Kayitakire et al., 2006; Sarker and Nichol, 2011).
Texture variables (e.g., contrast, entropy, homogeneity, etc.) are statistical
representations of the structural arrangement of surfaces and their surrounding
environment and can be easily derived using geographic information system (GIS)

software.

While uncertainty of AGWB-C predicted from optical imagery may remain high at
the pixel and plot scale, it can be markedly reduced when aggregated across a
landscape due to the spatial scaling of uncertainty. For example, several studies
have shown that uncertainty of AGWB predictions from remote sensing is lower at
more aggregated scales, either as a result of increasing map grain size (Asner et al,,

2010; Lusiana et al., 2014; Mascaro et al., 2011a) or by aggregating across larger
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areas (Asner et al., 2010; Fazakas et al., 1999; Saatchi et al., 2011). However, little
discussion has been given to the overall uncertainty of landscape AGWB totals
derived from very high spatial resolution optical imagery and how it relates to

monitoring efforts for C payments and CSA.

The aim of this study was to assess how landscape-scale C mapping using high-
spatial resolution satellite imagery can overcome monitoring challenges for C
contracting in regions dominated by smallholder agriculture, with an application to
a mountainous region of El Salvador. My objectives were therefore to (1) investigate
the potential for using high resolution optical satellite imagery to quantify AGWB-C
stocks in a smallholder landscape at multiple scales, accounting for uncertainty, (2)
quantify expected gains in AGWB-C with the adoption of CSA and potential
payments for C credits and, (3) explore the benefits of using remote sensing to

target low-biomass areas to promote agroforestry in smallholder landscapes.

5.2 Methods

My analytical framework to realize the aforementioned objectives consisted of four
main steps. First, I took field measurements of individual trees in 0.1 ha plots to
calibrate high-spatial resolution QuickBird satellite imagery acquired coincident
with field measurements. Second, | mapped AGWB-C for the entire study area using
a multiple linear regression model developed from a suite of potential predictor

variable extracted from the QuickBird image and a digital elevation model (DEM).
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Third, I estimated the uncertainty of the AGWB-C map at multiple scales using two
methods: a simple quadratic scaling approach and an object-weighted approach to
account for spatial autocorrelation. Finally, I predicted expected changes in AGWB-C
for the study area for several scenarios of CSA adoption and estimate potential gross
value of C credits at different market prices. I describe each of these steps in detail

below.

5.2.1 Data collection

This study was conducted within a 100-km2 (10,000 ha) area in the eastern portion
of La Mancomunidad, encompassing the municipality of Las Vueltas (see Section 2.3
and Figure 2.1). A total of 138 circular calibration plots, each with a radius of 17.84
m (area of 0.1 ha), were sampled in late 2012 following a modified version of the
LDSF hierarchical sampling method (Shepherd et al., 2015; Vagen et al., 2010; Vagen
and Winowiecki, 2013). Initial site selection was carried out utilizing the LDSF
method, but plot centers were ‘pushed’ a random distance at a randomly chosen
angle into the nearest homogenous land use parcel when the plot lay within
multiple land uses. Plot centers were then georeferenced using GPS and
differentially corrected to permanent base towers, achieving sub-meter accuracy for

all locations.

Species, height and diameter at breast height (DBH) were measured for all trees

with DBH = 10 cm. The same measurements were taken for trees with DBH 1 - 10

91



cm in a 0.01 ha circular subplot in the plot center. Eleven larger plots in the study
area were surveyed in early 2013 as part of a regional landscape survey
encompassing all of La Mancomunidad. Ten of these sites were cropped fields
ranging in size from 0.19 to 0.89 ha that encompassed randomly selected calibration
plots and the eleventh was a 1-ha mixed-pine forest plot. These plots were used as
validation sites to compare predicted map uncertainty to observed prediction error
(calculated from the difference between map-predicted and field-estimated AGWB-

C).

A high-spatial resolution QuickBird satellite image (0.6 m panchromatic, 2.4 m 4-
band spectral) of the study area was acquired on December 4, 2012. The ASTER 30-

m DEM was also downloaded.

5.2.2 Mapping AGWB-C

AGWB was calculated for each tree within the sample plots from a combination of
species-specific and generalized allometric equations using DBH, height and, when
necessary, wood-specific gravity values from the literature (see Appendix B).
AGWB-C was estimated as 49% of AGWB based on several studies throughout
Central America (Gémez-Castro et al., 2010; Hughes et al., 1999a; Suarez, 2002).
AGWB-C density was calculated in metric tons per hectare (Mg ha-1) by summing the
estimated AGWB-C of each tree within the plot and converting to a per-hectare area

basis.
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[ used plot data to develop a contiguous prediction map of AGWB-C for the entire
study area using a multivariate linear regression model developed from a suite of
potential predictor variables (n=97) derived from the QuickBird and ASTER DEM
datasets (Table 5.1). Predictor variables were identified from similar studies using
multiple linear regression models to estimate AGWB from optical imagery and
include: the plot mean and standard deviation of individual spectral bands, band
ratios (Okubo et al., 2010), vegetation indices (Castillo-Santiago et al., 2010; Eckert,
2012), principal component analysis (PCA) and tasselled cap transformations
(Fuchs et al., 2009), grey level co-occurrence matrix (GLCM) texture variables
developed for each spectral band and the panchromatic band (Castillo-Santiago et
al,, 2010; Eckert, 2012; Fuchs et al,, 2009; Lu et al., 2012; Nichol and Sarker, 2011;
Okubo et al.,, 2010), ratios of texture parameters (Sarker and Nichol, 2011) and
terrain variables derived from a 30-m ASTER DEM (Table 5.1). All variables were
created in ArcGIS 10.1 (ESRI, 2011) or ENVI 5.1 (Exelis Visual Information Solutions,
2010) and their mean and/or standard deviation values extracted for each 0.1 ha

plot.

An exhaustive search was used to test all possible regression model subsets with the
leaps package (Lumley, 2009) in R, Version 2.9 (R Core Team, 2013). The dependent
variable, AGWB-C, was approximately log-normally distributed and was log
transformed after adding a constant of 1 to each value to avoid issues with zero

values. The maximum number of predictor variables allowed was capped at seven (a
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sample size to variable ratio of roughly 20:1) and the 40 best model subsets for each
number of independent variables were selected using the Bayesian information
criterion (BIC) and adjusted-R?, resulting in 280 potential models. Finally, the
variance inflation factor (VIF) was calculated for each of the 280 potential models
and all models with a VIF greater than 10 were removed due to high potential
multicollinearity (Garcia et al., 2010; Nichol and Sarker, 2011). Of the remaining
models, the one with the lowest BIC and highest adjusted R? was selected as the final

regression model and checked for heteroscedasticity and normality of residuals.

A correction value was calculated to correct for bias introduced by the log-
transformation of the dependent variable following methods described in Sprugel
(1983). The cross-validated root mean square error (RMSE-CV) of the final model
was then evaluated using leave-one-out cross validation (LOOCV) with the DAAG

package (Maindonald and Braun, 2014) in R.

In order to generate the final prediction map, a mean filter using a circular moving
window set at a radius of 17.84 m (equal to the plot area of 0.1 ha) was applied to a
raster of each independent variable in the final model to account for the fact that the
model was built using mean values of 0.1 ha plots. These filtered rasters were used
to create a prediction map of log-transformed AGWB-C for each pixel, which was

then back-transformed and corrected to produce a final AGWB-C prediction map.
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Table 5.1 Potential predictor variables tested by stepwise multivariate linear regression

Variable Type

Name

Description/Equation

Data/Equation Source

Individual Bands - Band 1 (Blue) 450-520 nm
Mean & Standard Band 2 (Green) 520-600 nm
Deviation Band 3 (Red) 630-690 nm DigitalGlobe
N =10 Band 4 (NIR) 760-900 nm
(5 bands x 2 variables) ~ Panchromatic 450-900 nm

NIR/Blue B4/B1
Band Ratios Red/Blue B3/B1

Green/Blue B2/81 (Okubo et al., 2010)
N=6 NIR/Green B4/B2 v

Red/Green B3/B2

NIR/Red B4/B3

NIR — Red
Evi 25 (NIR+ 6+ Red — 7.5 + Blue) + 1 (lensen, 2005)
NIR — Red
NDVI R (Jensen, 2005)
NIR1+ Red 1 Exelis Visual Inf ti
Vegetation Indices ARI2 NIR [—Green - @] (So)iﬁtlisonlss,uzao:lg)orma on
NIR — [Red — (Blue — Red)]
N=6 ARVI (Jensen, 2005)
NIR + [Red — (Blue — Red)]
OSAVI 1.5 % (NIR — Red) (Exelis Visual Information
(NIR + Red + 0.16) Solutions, 2010)
SR @ (Jensen, 2005)
NIR

TC1 Brightness
Tasseled Cap TC2 Greenness (Yarbrough and Easson,
N=4 TC3 Wetness 2005)

TC4 Fourth Coordinate

incioal PC1

Principal Components PC2 Principal components 14 (Exelis Visual Information
N=4 PC3 Solutions, 2010)

PC4

Contrast
GLCM Texture Correlation
Variables Dissimilarity Individual bands (Bands 1-4 with 11 x 11 pixel (Exelis Visual Information

Entropy . window; Panchromatic with 25 x 25 pixel window) Solutions, 2010)
N =35 Homogeneity
(5 bands x 7 variables) ~ Second Moment

Variance

Contrast

. Correlation

Ratios of GL,CM Dissimilarity } ) B ) .
Texture Variables Entropy Band Ratios with 11 x 11 pixel window (B4/B2; (sarker and Nichol, 2011)

Homogeneity

B4/B3; B3/B4; B3/B2)

N=28 Second Moment
Variance
Elevation meters above sea level (m.a.s.l.) NASA
Terrain Slope degrees (ESRI, 2011)
Insolation Solar radiation tool, ArcGIS 10.1 (ESRI, 2011)
a . .
N=4 Wi TWI =In (%) where, a = upslope contributing (Wilson and Gallant, 2000)

area (m?) and B = Slope (degrees).
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5.2.3 Estimating map uncertainty

The uncertainty of aggregated AGWB-C was estimated at multiple scales as the 95%
confidence interval in Mg of AGWB-C. Uncertainty was first calculated for each pixel

using the following equation:

Cpy £ Upy = tq- < ap) * SEp, [Equation 1]

where Cpx is the predicted AGWB-C at pixel Px, Upx is the uncertainty at pixel Px, t is
the Student t critical value at a specified alpha (a) and degrees of freedom (df) (in
this case a = 0.05 and df = 131) and SE is the standard error of prediction at pixel Px.
The lower and upper uncertainty values for each predicted AGWB-C value were
then calculated by back-transforming the lower and upper CI limits, respectively,
and calculating the difference from the predicted value for each pixel. Due to back-
transformation, this results in asymmetrical lower and upper uncertainty values.
Therefore, average uncertainty was also calculated for each pixel as the simple

average of the two values.

Aggregate uncertainty was calculated in two ways (with and without accounting for
spatial autocorrelation) at multiple scales to explore how uncertainty changes as the
size of the aggregation unit varies from plot to farm to landscape scale. Lattice grids
ranging from approximately 0.01 to 10,000 ha on a logarithmic scale were created
for the entire study area and the average aggregate uncertainty calculated for each

grid as the mean percent uncertainty of individual grid cells.
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Aggregate uncertainty was first calculated for each grid as the quadratic sum of all

pixels within an aggregation unit as

Cat Uy = ’2511 Upy” [Equation 2]

where Ca is the aggregate AGWB-C (calculated as the sum of predicted pixel values
within the aggregation unit), Ua is the aggregate uncertainty and Upx is the
uncertainty at pixel Px, as calculated in Eq. (1). This method is a simple way to
estimate uncertainty where under- and over-prediction are equally likely for each
individual pixel and has been used by others to aggregate uncertainty for AGWB
predictions (Asner et al,, 2010; Saatchi et al., 2011). However, since the quadratic
sum method assumes errors are independent and random (Palmer, 2003), it does
not account for potential spatial autocorrelation within the data. While no spatial
autocorrelation was detected in the residuals of the 138 calibration plots, it may
potentially occur at the pixel scale (i.e. at distances much smaller than that between
most calibration plot pairs) and, as a result, an object-weighted approach was

developed to account for local spatial autocorrelation.

The object-weighted approach consisted of three basic steps: (1) calculate the
effective range of spatial autocorrelation of pixel prediction uncertainty, (2)

segment the image into spatial objects with similar uncertainty and (3) weight the
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sum of uncertainty based on the average distance between points within each

object, up to effective range identified in step 1.

In order to calculate the effective range, a variogram was produced from the
prediction uncertainty map using the gstat package in R (Pebesma, 2004). The very
high-spatial resolution of the uncertainty map made it computationally expensive to
compute a variogram for the entire study area at once, therefore the map was
resampled to 9.6 m pixels and a bootstrapping approach was used to construct
variograms for 1,000 randomly selected subsections of approximately 1 x 1 km
each. The results of these 1,000 individual variograms were averaged to produce a
single estimate of the semivariance between cells, to which an exponential model
was fit. The exponential model yielded an effective range of 281 m, beyond which
spatial autocorrelation of uncertainty is assumed to be inconsequential (see

Appendix B, Figure B - 1).

The original 2.4 m uncertainty map was then segmented using ENVI 5.0 (Exelis
Visual Information Solutions, 2010) and the average distance between cells within

each object calculated as

D, = e(0-5+10g(40)~0.6515) [Equation 3]

where D, is the average distance between points within an object (0), and Ao is the

area of the object. The sum of prediction uncertainty of pixels within each object
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was weighted using a modification of Equation 2, where the exponent is scaled

between 1 and 2, such that within each object,

So
Cot U, = /2?21 Upy™ [Equation 4]

and So is calculated as

So=1+D,(5) [Equation 5]

In this manner, uncertainty of very small objects was aggregated by the near-
arithmetic sum (i.e. assuming near-perfect spatial autocorrelation), whereas
uncertainty was scaled toward the quadratic sum for very large objects where the
average distance between pixels exceeded the effective range of 281 m (i.e.
assuming independence of errors). The weighted uncertainty of each object was
then summed in quadrature for each aggregation unit according to Equation 2, since

objects are by definition assumed to be independent of each other.

5.2.4 Predicting changes in AGWB-C with CSA adoption and potential C values

Simple scenarios of expected AGWB-C gains with the adoption of CSA practices were
created to examine the potential magnitude and value of C storage in the study area.
Scenarios were based on the objectives of several recent and ongoing projects in La
Mancomunidad to promote CSA for multiple benefits, including storing AGWB-C.

Specifically, the CSA practices of interest include the adoption of a slash-and-mulch
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agroforestry system (e.g., Hellin et al., 1999) and improved silvopasture
management (e.g., Dagang and Nair, 2003), both typified by increasing the number
and diversity of managed trees left in fields and pastures, thus increasing AGWB-C

stocks.

Predicted gains in AGWB-C with conversion from conventional management to CSA
were estimated from expected changes in tree density and size-distribution. Based
on recommendations from experts and on-farm trials, the average target tree
density and size-distribution for the CSA practices of interest is approximately 100
large trees (DBH 10 - 40 cm) and 1000 small trees (DBH 5 - 10 cm) per hectare,
respectively. When converted to basal area, this equates to a target basal area
averaging 9.33 m2 ha-1, which agrees well with the limited published observations of
basal area in mature agroforestry and silvopasture systems in Central America (e.g.,
Pauli et al,, 2011). Using a simple linear regression with data from ground plots in
cropland, pasture and broadleaf secondary forest/fallow in this study (n = 127), the
relationship between basal area and AGWB-C was modeled, yielding an estimated
target AGWB-C of 23.35 Mg ha'1 £ 0.69 Mg ha! (one standard error) at the target

basal area 0f 9.33 m2 hal.

A LULC map was overlaid with the predicted AGWB-C map to identify areas
currently under cropland, pasture or broadleaf secondary forest/fallow classes
where AGWB-C gains would be realized with conversion to CSA (i.e., areas with

predicted AGWB-C less than 22.51 Mg ha1). The predicted AGWB-C gains in
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broadleaf secondary forest/fallow classes are likely an underestimate, since I
assumed that fallows will retain 22.51 Mg C ha-1 coming out of agroforestry,
ignoring additional gains from tree growth that would come as the fallow matures.
For each pixel identified, the predicted gain in AGWB-C with CSA adoption was

calculated using a Monte Carlo simulation where, for each iteration,

Gi=C—T; [Equation 6]

and Gi is the predicted gain in AGWB-C in Mg ha'! for the ith iteration, Ciis current
AGWB-C in Mg ha'! randomly chosen from the distribution of possible predicted
values for each pixel and Ti is the target AGWB-C with CSA adoption which was
randomly chosen from a normal distribution with a mean of 22.51 Mg ha-1 and a
standard deviation of 0.82 Mg ha! (derived from my model results). Monte Carlo
simulations have been used in similar studies to estimate uncertainty of C emissions
from land use change (Harris et al., 2012; Lusiana et al.,, 2014) and are among the
methods recommended by the Intergovernmental Panel on Climate Change (IPCC)
to meet Tier 1 requirements for monitoring C (Penman et al., 2003). The simulation
was conducted 100 times and total AGWB-C gain for the study area was calculated
for each iteration. The median was taken as the expected total gain in AGWB-C and
the 2.5th and 97.5t percentiles used to calculate a 95% confidence interval. I took
the lower bound of this interval as the minimum expected gain in AGWB-C with

conversion from conventional management to CSA across the study area.
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[ estimated the minimum expected gain in AGWB-C under three adoption scenarios:
(1) full adoption (100% of all agricultural land converted to CSA), (2) 50% adoption
randomly distributed across agricultural lands and (3) 50% adoption targeting only
the most denuded areas (i.e., areas with expected gains of at least 5 Mg C ha'1). For
each scenario, minimum expected gain was calculated using a probability
distribution function (PDF) to estimate the gain that could be monitored with 95%

confidence based on the uncertainty of the prediction map.

Finally, the potential value of C-payments for CSA adoption was estimated to
contextualize the potential for developing a community-scale C contract over a 15-
year period. Gross C value (not accounting for monitoring and transaction costs)
was calculated by multiplying the minimum expected gain in AGWB-C (converted to
metric tons of COz equivalents) by the market price for C. I did this for three
different prices of CO2 equivalents since prices are highly variable across markets
and over time. I chose prices of $4 per ton (the approximate low for EU Allowance
credits in 2013), $12 per ton (the approximate price of California Carbon Allowance
Futures from 2014 to 2016) and $37 per ton, the ‘social’ or ‘shadow’ price of C as
estimated by the US Interagency Working Group on the Social Cost of Carbon (US

Interagency Working Group on the Social Cost of Carbon, 2015).
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5.3 Results

5.3.1 Mapping AGWB-C

AGWB-C density in the 138 calibration plots ranged from 0 - 92 Mg C ha-1 and, as
anticipated, varied by land use (Table 5.2). Variability was high in all LULC classes,
and highest for cropland and pasture, with coefficients of variation (CV) of 1.38 and

0.87, respectively.

Table 5.2 Select descriptive statistics for AGWB-C in calibration plots
Grouped by land use/land cover (LULC) classes: CROP = cropland, PAST = pasture, BLF = broadleaf

secondary forest/fallow, MPF = mixed-pine forest. n = number of calibration plots in each class.

AGWB-C (Mg C ha'l)

LULC Class - -

n Mean Median Min Max cv
CROP 29 9.73 3.48 0.00 60.22 1.38
PAST 44 11.3 8.75 0.00 35.62 0.87
BLF 52 27.33 24.77 1.57 70.66 0.66
MPF 13 43.48 40.87 13.08 91.92 0.52
OVERALL 138 20.04 15.26 0.00 91.92 0.93

Of the 280 AGWB-C calibration models, 149 met the model selection criteria. I found
that GLCM texture variables, namely correlation, entropy and homogeneity from the
panchromatic image and Bands 1 and 3, were the most frequently selected variables
(Figure 5.1). The ratio of the Second Moment of Band 4 to Band 3 was the only

GLCM texture ratio consistently selected. In general, vegetation indices, terrain
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variables, tasselled cap transformations, PCA and ratios of GLCM texture variables

were rarely included in model subsets. Models with more variables generally had

lower BIC and higher adjusted R2. No models with seven variables passed the

multicollinearity threshold (VIF < 10). Three models with 6 variables met the VIF

threshold but did not pass tests for normality of residuals. Therefore, the final

chosen model based on the selection criteria contained 5 variables with an adjusted

R2 of 0.52, RMSE-CV of 16.38 Mg ha! (81.71%) and a correction factor of 1.38 (Table

5.3).

Table 5.3 Results of the final regression model to predict AGWB-C

Variable Coefficient Est. Std. Error Pr(>|t]) VIF
Intercept -1.67985 1.35761 0.218

Band 1 -0.03174 0.00698 <0.001 1.92
Entropy (Band 3) -0.00669 0.00129 <0.001 2.62
Correlation (Panchromatic) 8.12406 1.19259 <0.001 2.02
Entropy (Panchromatic) 1.26736 0.27321 <0.001 3.06
Second Moment (NIR/Red) 5.26955 1.14585 <0.001 3.89

Adjusted R2=0.52 | RMSE-CV=16.38 Mgha(81.71%) | CF'=1.3810

* CF is the correction factor (see Sprugel, 1983)
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Figure 5.1 Top 10 most frequently chosen regression model variables
Variables are grouped by type, where GLCM = grey level co-occurrence matrix; PAN = panchromatic
and; B1 =band 1, B2 = band 2, etc. The x-axis shows in what percent of models the variables occurred

(limited to models that met the selection criteria; n = 183).

The final map of predicted AGWB-C corresponded well with known areas of high
biomass, for example the intact mixed-pine forest in the northwest of the study area,
broadleaf riparian zones along rivers and streams and the less-populated highlands
in the southeast (Figure 5.2). Map uncertainty (as percent of the prediction value)
was typically highest in image-shadowed areas and areas with very low biomass
(Figure 5.3). Based on the sum total of all pixels in the prediction map, aggregate
AGWB-C for the study area is estimated at 257,360 Mg (Table 5.4). This map-based
estimate is about 8.8% higher than a simple plot-based estimate (i.e., a ‘stratify and

multiply’ approach calculated by multiplying the area of each LULC class by the

105



mean AGWB-C measured in field plots of that LULC class). Overall average AGWB-C

density was 25.81 Mg haland estimates of average AGWB-C density by LULC class

were similar to plot-based averages.

Table 5.4 Total predicted AGWB-C by land use/land cover (LULC) class

CROP = cropland, PAST = pasture, BLF = broadleaf secondary forest/fallow, MPF = mixed-pine forest

LULC Class Map Map-based Plot-based

Area (ha) Total (Mg) Mean (Mg ha') Total (Mg) Mean (Mg ha')
CROP 1,680 20,610 12.27 16,360 9.73
PAST 2,217 27,800 12.54 25,410 11.46
BLF 5,218 165,700 31.75 157,270 30.14
MPF 854 43,250 50.65 37,400 43.81
OVERALL 9,970 257,360 25.81 236,440 22.63

AGWB Carbon

Figure 5.2 Final map of AGWB-C predicted from QuickBird satellite imagery

‘No data’ areas in grey are due to cloud cover. Map resolution is 2.4 m.
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5.3.2 Estimating map uncertainty

The grid simulation showed an exponential decay in prediction uncertainty as the
size of aggregation units increased for both calculation methods (Figure 5.4).
However, prediction uncertainty for smaller aggregation units was markedly lower
using the quadratic sum of individual pixel uncertainty compared to the object-

weighted approach.

At the scale of sample plots (0.1 ha) and farms (~1 ha), the object-weighted
approach estimated uncertainties of about 50 - 100% (of the predicted value),
which was nearer to the range of observed prediction error for most validation plots
compared to the quadratic sum (Figure 5.4). It is worth noting that in several of the
validation plots with measured AGWB-C less than 2 Mg, percent error was very high
despite low gross AGWB-C density error due to dividing by such a small measured
value. These values were excluded from Figure 5.4 to improve readability, but are

included in Appendix B (Table B - 4).

Object-weighted uncertainty declined below 5% for aggregation units larger than
about 250 ha. At the scale of the study area (10,000), uncertainty was less than 1%

using both methods.
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Figure 5.3 Uncertainty map of AGWB-C predictions from QuickBird satellite imagery
Calculated as the percent of the predicted AGWB-C value using the average error of the upper and
lower bounds of the 95% confidence interval. ‘No data’ areas in grey are due to cloud cover. Map

resolution is 2.4 m.
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Figure 5.4 Uncertainty of aboveground woody biomass carbon predictions by aggregation unit size
The dotted line shows average uncertainty by plot size from the grid simulation calculated as the
quadratic sum of pixel uncertainty and the solid line shows the object-weighted uncertainty. The
open circle represents the cross-validated root mean squared error (RMSE-CV) from the 0.1 ha
calibration plots (n=138), and filled red circles show observed error in validation plots. NOTE: Two
of the validation plots were excluded from the figure to improve readability, but are included in
Appendix B (Table B - 4). Percent error in these two plots was very high (> 300%) despite low gross
prediction error (< 3 Mg) due to dividing by a small measured value for the plot (< 2 Mg).

5.3.3 Predicting changes in AGWB-C with CSA adoption and potential C value

Expected gain in AGWB-C with full conversion to CSA practices within the study
area is 58,920 Mg, or about 28% of the estimated current total in managed land
uses. Of this potential gain, 19,510 Mg (33%) comes from conversion of cropland to

agroforestry, 26,760 Mg (45%) from pasture to silvopasture and 12,650 Mg (21%)
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from increased AGWB-C in broadleaf secondary forest/fallow resulting from higher
AGWB-C in managed lands entering back into forest/fallow uses (Table 5.5). Overall,
nearly 60% of the land area not currently under mixed-pine forest could see gains in
AGWB-C with CSA adoption. Nearly all cropland and pasture areas have potential to
increase AGWB-C, while gains are expected in 36% of the area classified as
broadleaf secondary forest.

Table 5.5 Potential carbon gains with 100% adoption of climate-smart agriculture

Grouped by land-use/land-cover (LULC) classes where gains would be expected (CROP = cropland,
PAST = pasture, BLF = broadleaf secondary forest/fallow). AGWB-C is aboveground woody biomass

carbon.

Area with  Percent of Average Expected Percent Gain Percent of
LULC Class AGWB-C LULCClass Density Gain  Total Gain (compared to Expected

Gain (ha) Map Area (Mg C ha'}) (Mg C) current total)* Total Gain
CROP 1,560 92.64% 12.53 19,510 94.66% 33.12%
PAST 2,010 90.43% 13.29 26,760 96.25% 45.42%
BLF 1,860 35.61% 6.80 12,650 0.08% 21.46%
OVERALL 5,430 59.47% 10.85 58,920 27.52% 100.00%

*Based on current totals by LULC class as calculated from the map prediction averages

Combining the uncertainty of the expected gain with the uncertainty of the
aggregate AGWB-C, I estimate that a minimum gain of 57,340 Mg could be measured
with 95% confidence with 100% adoption of CSA. With 50% adoption by random
farms (simulating a non-targeted approach) the expected measurable gain drops to
26,770 Mg. However, the expected AGWB-C gains are not evenly distributed and
targeting areas with high potential gain, as shown in the map below (Figure 5.5),

was expected to yield substantially higher C gains than a random non-targeted
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approach. Indeed, with 50% adoption targeting only the most denuded areas,
measureable landscape AGWB-C gains jumped to 39,110 Mg, about 46% higher than

the random approach (Table 5.6).

Table 5.6 Projected value of carbon gains from adoption of climate-smart agriculture
Expected aboveground woody biomass (AGWB-C) gains across the 100-km? study area for three
adoption scenarios. The potential gross value (USD) of C over 15 years at three prices is also

calculated for each scenario

Adoption AGWB-C at $4/ton at $12/ton at $37/ton

. . + CO2-Eq. (Mg)
scenario Gain (Mg) Total Annual Total  Annual Total  Annual
100% 57,340 210,400 $841,600 $56,110 $2,525,000 $168,300 $7,785,000 $519,000
50% Targeted 39,110 143,500 $574,000 $38,270 $1,722,000 $114,800 $5,310,000 $354,000
50% Random 26,770 98,250 $393,000 $26,200 $1,179,000 $78,600 $3,635,000 $242,300

* Minimum expected measurable AGWB-C gain after accounting for map uncertainty

The potential value of C payments for CSA adoption at the landscape scale are
substantial, but vary strongly with the price of C. I estimate that AGWB-C would
increase by nearly 40,000 Mg, or 143,500 tons COz equivalent, with a 50% adoption
rate over a 15-year period targeting the most denuded agricultural areas (Table
5.6). Depending on the price per metric ton COz equivalent, the gross value of C
gains ranged from $574,000 (at $4 per ton) to as much as $5,310,000 (at $37 per
ton) for the study area. Annual gross value of C per hectare of land converted to CSA
ranged from $13 - 124 ha'! yr-, equivalent to between 2.6 and 25.3% of average net

on-farm profits in the study area (estimated at $491 ha'! yr-1, data not shown).
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Figure 5.5 Map of average expected AGWB-C gains with CSA adoption

Map resolution is 2.4 m

5.4 Discussion

5.4.1 Mapping AGWB-C

AGWB-C in this region is relatively low, consistent with other estimates for
degraded tropical landscapes dominated by smallholder agriculture. Saatchi et al.
(2011) mapped tropical forest C stocks at the national scale across Latin America,

sub-Saharan Africa and Southeast Asia and estimated average AGWB-C density in
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forests in El Salvador to be between 39 - 60 Mg C ha1, within the measured range
for broadleaf secondary forest and mixed-pine forest in this study. Hughes et al.
(1999a) found similar results for secondary forests in a Mexican smallholder
landscape. Total AGWB-C ranged from 2 - 50 Mg C ha! in young secondary forests
(<15 yrs) and 44 - 146 Mg C ha'l in secondary forests = 15 yrs (assuming that 50%

of total AGWB in their study is C).

This study demonstrates that a multiple-linear regression model applied to high-
resolution satellite imagery can provide accurate estimates of aggregate AGWB-C for
a highly heterogeneous and degraded (low-biomass) smallholder landscape, even
with relatively small calibration plots (0.1 ha). Some studies have suggested that
AGWB estimates from passive optical imagery alone are too uncertain to satisfy
monitoring guidelines (Zolkos et al., 2013). However, my findings show that optical
imagery calibrated with a large number of relatively small plots offers a promising
option for monitoring AGWB-C aggregated across large areas (> ~250 ha) with very
low uncertainty (less than 5%). This is encouraging as small sample plots are not
only less costly but in fact necessary in these fragmented landscapes where

homogenous land-use units are irregularly shaped and frequently less than 1 ha.

The ranges of map uncertainty and observed errors at the scale of a typical farm (0.1
~ 1 ha) suggest that monitoring AGWB-C in individual fields may not be feasible
using the methodology presented in this study. However, map uncertainty seems to

correspond reasonably well with observed error, implying that the predicted 95%
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confidence interval for aggregate AGWB-C will usually encompass the true

aggregate AGWB-C, even in farm-size plots.

Uncertainty estimates reported in the literature often refer only to the fit of the
model used to predict AGWB, usually by the root mean squared error (RMSE) or the
mean absolute error (MAE) (Castillo-Santiago et al.,, 2010; Eckert, 2012; Fuchs et al,,
2009; Tsui et al., 2013). The RMSE and MAE are simple and common methods for
reporting the uncertainty of a prediction map (Sexton et al., 2015), but they are
derived at the scale of the sample unit used to build the model and do not
necessarily represent the uncertainty of aggregated total AGWB-C in a landscape
(Mascaro et al., 2011b). This study utilized spatially explicit uncertainty estimates
and aggregation to demonstrate that the uncertainty of landscape predictions, when
correctly calculated, can be quite low, and that for areas less than about 10,000 ha
spatial autocorrelation of uncertainty should be incorporated, but for larger areas

simple quadratic scaling may be appropriate.

Only a few other studies have explored how uncertainty in AGWB varies with the
size of aggregation units. Asner et al. (2010) discussed how map error declines
precipitously with increasing sample area and with increasing grain size, falling to
4-5% at 5 ha resolution, and Mascaro et al. (2011b) found similar results for grain
sizes ranging from 0.04 ha to 6.25 ha. In a study exploring strategies to efficiently
implement REDD+ monitoring activities, Lusiana et al. (2014) showed lower

uncertainty of C emissions with larger pixel sizes, dropping from 82% error at 1 ha
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resolution to below 5% at 100 ha. Saatchi et al. (2011) found that tropical biomass C
estimates aggregated at the national scale had uncertainties around 1% and
remained bounded to within +5% when aggregated to 10,000 ha using 1 km? (100
ha) pixels. Fazakas et al. (1999) mapped forest biomass in Sweden using a Landsat
TM image and found that while the RMSE at the plot scale (~0.03 ha) was around

70%, uncertainty fell to < 10% when aggregated to the entire 510 ha study area.

These studies show how map uncertainty is reduced as the size of the area of
interest increases, although several authors only achieved reduced uncertainty with
a loss of spatial resolution. In this study, | demonstrate that focusing monitoring
efforts on changes in aggregate landscape AGWB-C over time could be an efficient
approach to developing C payment programs related to CSA adoption. Furthermore,
the methods presented in this paper show that this can be achieved without
sacrificing spatial resolution, allowing for assessment of spatial variability with the
aggregation area for planning and monitoring purposes. The utility of spatial
analysis for project planning is underscored by the finding from this study that
targeting areas with higher C storage potential results in 46% larger C gains for the
same area converted to CSA, compared to a random approach. However, more
complex analysis would be needed to fully assess the utility maps for targeted

project planning in practice, and it is likely results would vary by region and context.
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5.4.2 Predicting changes in AGWB-C with CSA adoption and potential C values

Widespread adoption of CSA in this landscape could substantially increase C stocks.
Agriculture is already an important component of AGWB-C storage, comprising 39%
of the landscape and storing nearly 20% of all AGWB-C stocks. CSA adoption could
potentially double the AGWB-C stored in agricultural land, increasing stocks in the

study area by up to 46,270 tons.

Based on current market price ranges ($4 - 12 per ton COz equivalent), the annual
value of C per hectare of land converted to CSA averages $13 - 40 ha! yr-1. Some
studies have identified successful programs offering similar payments for
watershed enhancement services provided by agroforestry and reforest ration (e.g.
Kosoy et al,, 2007), however others have suggested that per-hectare C payments in
this range would be insufficient to incentivize small-scale farmers to adopt CSA,
especially once transaction costs for farm-scale monitoring and contracting are

included (Cacho et al,, 2013; Henry et al., 2009; Luedeling et al., 2011).

While I estimate that per-hectare C values from CSA adoption are low, the value of C
aggregated across the study area is substantial. Furthermore, I demonstrated that
AGWB-C can be estimated from high-resolution satellite imagery for large areas
(greater than ~250 ha) with low uncertainty, which could substantially reduce
transaction costs and uncertainty associated with C monitoring across landscapes.

These finding support those of other studies suggesting that C-payment programs
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for smallholder CSA adoption may need to be developed with groups of landholders,
community-based organizations or C aggregators (e.g. Cacho etal., 2013; Henry et

al, 2009).

Forming C contracts with organizations rather than individual land owners could
also offer a number of additional benefits, especially in the context of CSA projects,
such as: increased flexibility in how CSA is promoted and incentivized; the ability to
include additional C gains that may occur in non-agricultural lands (e.g. from
reduced wildfires and improved fallows); and the possibility to combine C payments
with incentives for additional ecosystem services provided by CSA (e.g. water funds)
or civic and livelihood projects (Stringer et al.,, 2012). However, more work is
needed to better quantify how C accountability at more aggregated scales may

impact transaction costs and land use decisions.

5.5 Conclusions

CSA presents an opportunity to substantially increase C stocks in smallholder
landscapes while simultaneously providing additional benefits, including increased
resilience to an already changing climate. The per-hectare value of AGWB-C gains
from CSA adoption is low, but becomes substantial when aggregated across
hundreds or thousands of hectares. Monitoring at this scale using satellite imagery
could substantially reduce transaction costs, however a tendency in the literature to

report only plot-scale errors (e.g. RMSE) without exploring the aggregated error
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AGWB-C maps may be limiting the operationalization of satellite-based monitoring

approaches.

My findings demonstrate that high-resolution satellite imagery can be used to
accurately monitor aggregate AGWB-C at the watershed to landscape scale (100 -
10,000 ha) in highly heterogeneous smallholder landscapes. Comparing the few
studies that have quantified the uncertainty of AGWB-C and C emissions at multiple
scales with this study, I conclude that areas of 200-300 ha may be an appropriate
minimum scale at which to monitor aggregated C stocks with low uncertainty (i.e., <
5%) using optical satellite imagery. Texture variables are at least as important as
vegetation indices to develop AGWB-C prediction models with high spatial
resolution passive optical satellite imagery, and mapping AGWB-C at high-resolution
could considerably increase C gains per unit area converted to CSA by allowing

projects to efficiently target low-biomass areas. .

Landscape-scale accountability of C, supported by satellite-based methods such as
that presented in this study, can reduce costs and uncertainty associated with C
monitoring. Such an approach can thereby overcome some of the methodological
concerns hindering the inclusion of CSA in international and voluntary C
agreements, and support both market and non-market mechanisms to incentivize

widespread CSA adoption in heterogeneous smallholder landscapes globally.
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6 A simplified approach to mapping tree biomass
in heterogeneous landscapes with airborne laser

scanning

6.1 Background and introduction

As nations work to meet and strengthen climate change mitigation goals, there is
growing recognition that terrestrial C stocks associated with land use are a key
component (Pan et al,, 2011). Much effort has been devoted to quantifying C stocks
in aboveground woody biomass (AGWB) - defined here as the mass per unit area of
organic matter in woody vegetation (i.e., trees). AGWB is a large C sink readily
affected by land management (Brown et al., 1989; Chave et al., 2014; Jucker et al,,
2017), and accurate monitoring of AGWB is critical to understanding and measuring
the rate of C sequestration or release between terrestrial ecosystems and the

atmosphere (Zhang and Ni-meister, 2014).

However monitoring of AGWB in the field is laborious and expensive (Asner et al.,
2012), therefore limiting the utility of plot inventory data alone to be used for
AGWB accounting at regional, national and global scales required for international
cooperation and accounting (Brown, 2002; Sileshi, 2014; Zhang and Ni-meister,

2014). Such challenges are further exacerbated in highly heterogeneous landscapes
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requiring additional stratification of plot inventory data, issues with respect to
fitting plots within very small land use units and limitations of alternative
quantification methods such as flux towers or process-based models (GOFC-GOLD,

2013; Kearney and Smukler, 2016; Ravindranath and Ostwald, 2008).

Furthermore, plot data is often limited to inventories of forested areas, while there
is mounting evidence that TOF hold large amounts of AGWB-C (Guo et al., 2014;
Schnell et al,, 2015), leading to increased interest in monitoring C associated with
non-forest land uses (de Foresta et al., 2013; Rosenstock et al., 2016). For example,
measuring AGWB in non-forest lands and TOF is a key component of policies
supporting ‘climate-smart’ agricultural practices, such as smallholder agroforestry
systems, to simultaneously sequester C, increase agricultural resilience and alleviate
poverty and food insecurity (Mbow et al., 2014; Rioux et al., 2016; Steenwerth et al.,
2014; Stringer et al., 2012). Many of these ‘climate-smart’ practices result in
landscape mosaics of highly diversified vegetation (e.g., fields intercropped with
trees, hedgerows, riparian buffers and bush-fallow patches), which are desirable for
arange of ecosystem service benefits (Harvey et al., 2013; Scherr et al., 2012;
Smukler et al., 2010), but present unique challenges for monitoring AGWB (Guo et

al., 2014; Lu, 2006; Schnell et al., 2015).

Remote sensing is a demonstrated tool to accurately monitor AGWB-C at broad
spatial scales and across diverse land use types (De Sy et al., 2012; Goetz et al., 2009;

Lu, 2006; Saatchi et al., 2011; Zhang and Ni-meister, 2014). In particular, the use of
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airborne laser scanning (ALS; also called Light Detection and Ranging, or LiDAR),
combined with rapidly increasing computer processing power, has recently enabled
accurate and high-spatial resolution mapping of vegetated landscapes in 3D using
pulses of light emitted from aircraft and unmanned aerial vehicles (Lefsky et al.,
2002; Lin et al.,, 2016). However, to date, much of the research applying ALS to
quantify AGWB stocks has focused on temperate conifer, broadleaf and plantation
forests (Levick et al., 2016; Lutz et al., 2008; Rana et al,, 2013; Tao et al., 2014; Tsui
et al.,, 2013) or intact tropical forest landscapes (Asner et al,, 2013, 2012; Lin et al,,
2016; Vaglio Laurin et al., 2014) and reliable methods for quantifying AGWB using
this type of data in heterogeneous landscapes and TOF are lacking, especially at
these broader spatial scales and reporting units (de Foresta et al., 2013; Price et al,,

2017).

Current methods for estimating AGWB using ALS generally rely on an area-based
approach - developing calibration models from a suite of ALS metrics extracted
from fixed-area field plots where AGWB has also been calculated using tree
measurements and allometric equations (White et al., 2013). The area-based
approach has yielded very accurate results in forested ecosystems (Zolkos et al.,
2013), but may be less well suited to heterogeneous landscapes and biomass in TOF
for several reasons. For example, the pixel resolution or cell size prediction unit of
the final biomass map is generally restricted to the size of calibration plots (Mascaro

et al.,, 2011b; White et al., 2013), presenting a trade-off between the desire for larger
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plots to improve calibration (Asner et al., 2012) and the need for very high
resolution biomass maps to capture TOF and small land uses (Czerepowicz et al.,
2012; Jackson et al,, 2013). Additionally, area-based calibration plots must be geo-
referenced, uniformly sized and representative of the full range of vegetation
structure variability (preferably), and field data should be collected as close in time
as possible to the acquisition of ALS data, ideally within the same growing season
(White et al., 2013). It is therefore difficult to use historical plot inventories which
may not meet the above criteria, or to update calibration models with new plot data
collected in subsequent seasons or from outside the ALS coverage area. All of these
issues are problematic in an operational biomass prediction and mapping context
since ALS acquisition is expensive and collection tends to be infrequent and

piecemeal (Price et al., 2017).

To address these issues, | propose and develop a simplified method for predicting
AGWB from an ALS-derived canopy height model (CHM). These models, generally
defined as the difference between the ground surface and the top of vegetation
canopy, are easily derived from ALS (Lim et al., 2003). By linking to the CHM, the
approach introduced in this study allows estimation of AGWB at the same resolution
as the CHM (often < 1 m). Moreover, this CHM-based approach is built on allometric
relationships between morphological tree variables rather than georeferenced plots
(see Section 2.4), meaning that field data could be used that was collected from any

point in time and from variable plot sizes.
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Therefore, this study sought to address three main objectives: (1) develop a model
to predict AGWB from a CHM and compare its accuracy to a traditional area-based
approach in a highly heterogeneous landscape; (2) assess the proportions of total
landscape AGWB stored in forests and TOF, as predicted by the two approaches; and
(3) discuss the strengths and limitations of the CHM-based approach as a tool for

AGWB prediction in diverse landscapes.

6.2 Methods

6.2.1 Study area

This research was conducted within the mountainous region of northern El Salvador
known as La Mancomunidad La Montafiona (hereafter referred to as La
Mancomunidad) - a group of seven municipalities spanning about 32,000 ha. La
Mancomunidad is organized, in part, around conserving an approximately 1,500-ha
area of primary pine (Pinus oocarpa) and oak (Quercus insignis) forest threatened by
deforestation and frequent wildfire from surrounding smallholder agriculture. The
remaining land is a complex mosaic of subsistence farms, extensive pastures, bush-
fallows and settlements. Farms and pastures in La Mancomunidad are frequently
less than one ha in size and regularly contain woody perennials in the form of
intercropped trees and live fences (i.e., TOF). Bush-fallows are widespread and
highly variable in age, species composition and structure. More information on the

study area and species of woody vegetation can be found in Chapter 5.
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6.2.2 Field data collection

For this study, [ produced and compared ALS-derived AGWB maps for the entire
study area of La Mancomunidad (see Section 2.1 and Figure 2.1) using both an area-
based approach and a CHM-based approach (Section 6.2.3). AGWB data for model
development and validation were compiled from multiple field campaigns
conducted between 2012 and 2016. In all years, individual tree measurements were
taken from geo-referenced and differentially corrected ground plots ranging in size
from 0.02 to 0.97 ha. Tree height and diameter at breast height (DBH; 1.3 m) were
measured for all trees with heights = 1.3 m and DBH = 1 cm. Trees were identified to
the species level, when possible, and allometric equations applied to estimate AGWB
from DBH for each tree using a combination of species-specific and generalized
equations, as described in Chapter 5 and Appendix B. The AGWB of all trees within a
plot was summed and divided by the plot area to estimate AGWB density (Mg ha-1)

for all plots.

For area-based model calibration, I used data collected in 0.1 ha circular plots
sampled in 2014 following methods described in Chapter 5. These circular plots (n =
107) were randomly selected, stratified by elevation and four land use/land cover
(LULC) classes: cropland (CROP), pasture (PAST), broadleaf forest (BLF) and,
mixed-pine forests (MPF). A fifth class, ‘OTHER’ was later developed to group a
small number of plots that did not meet the criteria of the four classes (e.g., teak

plantations, old/abandoned coffee agroforests and home gardens). Prior to analysis,
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the circular plots were randomly split into two datasets: ~70% for calibration of the
area-based approaches (n = 73) and ~30% for independent model validation (n =

34; see Figure 2.1 for plot locations).

[ added to the validation dataset all other plot data available from within 1 year of
ALS acquisition in order to encompass a broader range of LULC classes (especially
those with TOF), geographic area and plot sizes. Additional validation data included:
live fences/hedgerows (HR) adjacent to fields and pastures (0.02 - 0.3 ha; n = 22),
CROP fields in maize and sorghum with dispersed trees (0.2 - 0.9 ha; n = 10) and,
large closed-canopy MPF inventory plots (~1 ha each; n = 3). This resulted in a total

of 69 independent validation plots (see Figure 2.1).

Additional data of individual trees from plots sampled in 2012 (Figure 2.1) and
revisited in 2016 were included in the final dataset used to develop equations for
the CHM-based approach (see Section 6.2.3.3). In total, the dataset consisted of
5,991 broadleaf trees (encompassing all five land use classes) and 90 coniferous

trees (MPF class only).

6.2.3 ALS data acquisition and processing

6.2.3.1 ALS data pre-processing

ALS data was acquired for the entire study area in April 2014 and converted to
buffered tiles (390 m tiles; 60 m buffer) in LAStools (Isenburg, 2016). [solated

returns, defined as 15 or fewer points within a 2-m x 2-m x 1-m cell, were removed
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from the raw point cloud using the lasnoise tool, also in LAStools. A height-
normalized point cloud was then produced by first classifying ground returns using
lasground (default step size of 5 m) and then subtracting the ground elevation from
each return. Height-normalized returns greater than 70 m (the maximum expected
tree height in this area) were removed as suspected errors or clouds. Further
processing of the ALS data to predict AGWB using the area- and CHM-based

approaches is described below.

6.2.3.2 Area-based approach

The area-based approach predicts AGWB using ALS-derived vegetation height and
density metrics extracted from calibration ground plots (White et al., 2013). Forty-
nine standard elevation statistics (see Appendix C, Table C - 1) were developed from
height-normalized ALS point clouds extracted from the circular calibration plots (n
= 73; size = 0.1 ha) using the cloudmetrics command in FUSION (McGaughey, 2014).
[ then developed a random forest (RF) model to predict total plot AGWB using a
two-step process. Among non-parametric methods to develop area-based ALS
models, RF is the most common (White et al.,, 2013), and works by developing an
ensemble of regression-based decision trees from bootstrapped training data, and

then ‘voting’ for the most popular result (Breiman, 2001).

In order to develop an RF model, all ALS metrics were included as potential

predictor variables and an unbiased, conditional RF model was generated in the
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party package (Strobl et al., 2008) in R (R Core Team, 2013). The number of trees
was capped at 500 and the number of variables randomly sampled at each split was
set at six, roughly equal to the square root of the number of potential predictor
variables (Strobl et al., 2008; Svetnik et al., 2003). Correlated predictor variables
(Pearson’s R > 0.9) were then removed by keeping the variable with the highest
conditional variable importance ranking from the full RF model (Strobl et al., 2008).
A final RF model was then developed using the reduced set of 12 uncorrelated

predictors (see Appendix C, Table C - 1).

Spatial estimations of AGWB were predicted from the final RF model at 5 m and 30
m resolutions. The 30 m estimation was chosen to roughly equal the size of the
calibration plots, as suggested by White et al. (2013).1added a 5 m estimation to
increase the spatial resolution with the hope of better capturing TOF, and for
comparison against the CHM-based approach. A resolution of 5 m was chosen to
correspond with RapidEye spectral imagery also available for the study area, and it

aligned well with another study using similar methods (Mascaro et al., 2011b).

For the 30 m estimates, ALS metrics were extracted using gridmetrics in FUSION
(McGaughey, 2014) with the cell size set at 30 m. The RF model was then applied
using the metrics of each 30 m cell. For the 5 m estimates, I chose not to reduce the
grid size of the metrics since metrics should be extracted from a grid similar in size
to the calibration plots and should not be smaller than individual tree crowns

(White et al., 2013). Instead, I generated a moving window by running gridmetrics
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repeatedly at a 30 m cell size and shifting the origin of the output grid in 5 m

intervals to the north and east until reaching the origin of the adjacent 30 m cell.

6.2.3.3 CHM-based approach

To contrast with the conventional area based approach, I developed a new approach
to predict AGWB from a CHM produced at 5 m spatial resolution (again
corresponding to available RapidEye imagery), recognizing that canopy height is
strongly correlated with AGWB and is directly measureable by ALS (Asner and
Mascaro, 2014; Zhang and Ni-meister, 2014). The method utilizes allometric
relationships between tree height, DBH and AGWB (Figure 6.1) derived from
empirical analysis of tree data in this study and published equations (both described
below). Using these relationships, the average AGWB per tree can be predicted from
its height, and since each CHM pixel represents the average height of the tree
canopy within that pixel, the average AGWB per tree can then easily be predicted for
each pixel. However, a pixel (in this case, 5 x 5 m) may encompass multiple smaller
trees or only parts of larger trees, with the number of trees per pixel unknown. I
overcome this unknown factor by estimating the areal AGWB density (e.g., kg m-2) of
a tree at the height of the CHM pixel based on its expected tree crown area. In this
way, AGWB per tree can be converted to AGWB per ha (Figure 6.1), allowing

landscape level analysis.
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Figure 6.1 Schematic diagram of the generalized CHM-based approach

The general steps required to predict areal density of aboveground woody biomass (AGWB) from an
ALS-derived canopy height model (CHM) using allometric relationships between tree height,
diameter at breast height (DBH) and crown area (CA).

Height-to-DBH and DBH-to-AGWB equations were developed from the individual
tree data collected between 2012 and 2016. For broadleaf trees, both height-to-DBH
and DBH-to-AGWB equations were developed, whereas for coniferous trees, only
height-to-DBH models were developed since all trees were of the same species
(Pinus oocarpa), enabling the use of an existing model developed by Navar (2009)

using destructive techniques.
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To derive the height-to-DBH and DBH-to-AGWB equations, logistic models were fit
for each tree type using the nls function in R (R Core Team, 2013) after binning data
by DBH at 5 cm intervals. Binning was performed to overcome issues of non-
constant variance and a strongly skewed distribution, with many more observations
of smaller trees than larger ones (Jucker et al., 2017). Logistic models were chosen
to reflect the non-linear, asymptotic scaling relationships between these three
variables (Jucker et al., 2017). A self-starting four-parameter model was first fit
using the SSfpl function to find reasonable starting parameters for the model. Lower
asymptotes were then set at zero (effectively reducing the model to three
parameters) and upper asymptotes set at the maximum observed value for each
dependent variable in order to avoid extrapolating beyond observed values. A fifth
parameter (empirically derived) was added if asymmetrical scaling was suspected
based on visual assessment of the fit of the four-parameter model (Paine et al,,

2012).

Crown area was estimated from DBH using existing equations developed in similar
regions. For broadleaf trees, crown area was estimated from DBH using an equation
developed by Muller et al. (2006) from 850 trees in Barro Colorado, Panama. For
coniferous trees, | used an equation developed by Nutto et al. (2005) from 400 pine

trees across 16 stands in Brazil.
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6.2.4 Model Validation

All three ALS-derived AGWB maps (area-based 30 m and 5 m; CHM-based 5 m) were
validated using the 69 independent validation plots. Predicted AGWB for each
validation plot was extracted and overall root mean square error (RMSE) calculated
for each LULC class in Mg ha1 and as percent of the mean field measured value.
Model bias was calculated as the median prediction error to explore over and under
estimation, and predicted AGWB vs. ground-measured AGWB was graphed to

visualize the model fit by plot size and land use type.

6.2.5 Total AGWB by vegetation type

In order to assess the proportions of total landscape AGWB stored in forests and
TOF, as predicted by the two approaches, a forest fragmentation index was
developed using a method adapted from Riitters et al. (2000, 2002) to classify
woody vegetation into five classes: “core”, “transitional”, “riparian/isolated,
“perforated” and “patch”. The index was created based on the relationship of area
density (Pf) and connectivity (Ps) of forested pixels (Figure 6.2). Forested pixels
were identified as those having vegetation exceeding 3 m height using the ALS-
derived CHM. Pris a measure of the proportion of forested pixels within a
surrounding area - in this case a moving window of 21 x 21 pixels, or approximately

1 ha. Psr measures forest connectivity as the conditional probability that a forested

pixel’s neighbouring pixel (in the cardinal directions only) is also forested (Riitters
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etal., 2000, 2002). A 9 x 9 pixel window (approximately 0.25 ha) was used for Ps, as

this better captured small linear features such as live fences and riparian corridors.

The core class (Pr = Psr = 1.0) thus represents a pixel where all other pixels within ~1
ha are also forested. The transition class represents core forest edges, where a high
proportion of pixels are forested and highly connected. The other three classes can
be considered representative of TOF. The riparian/isolated class represents wide
linear woody vegetation features (e.g., riparian corridors) and isolated forest
patches of about 0.25 ~ 1.0 ha. The perforated class generally represents wooded
pastures, and the patch class encompasses agroforestry, live fences and settlements,

although there is some overlap between these two classes.

Total AGWB by forest fragmentation class for the entire study area was then
calculated for both the area-based (5 m) and CHM-based predictions using ArcGIS

10.1 (ESRI, 2011).
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Figure 6.2 Visual representation of the forest fragmentation index model

Shows the relative breaks used to identify the five fragmentation classes based on area density (Pr)
and connectivity (Pf) of forested pixels. Adapted from Riitters et al. (2000, 2002), with breaks of
Pt/Ps slightly modified to better represent the study area.

6.3 Results

6.3.1 Accuracy of AGWB predictions using ALS

Overall accuracy improved using the CHM-based approach compared to the area-
based approaches (Table 6.1). Overall bias was low for all models, but both the 5 m
and 30 m area-based approaches tended to under-predict AGWB in plots within
hedgerows, and over-predict in plots in cropland and broadleaf forests, especially at

low AGWB values (Table 6.1 and Figure 6.3). The CHM-based approach increased
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the accuracy of hedgerow predictions and showed less bias in all LULC classes

except mixed-pine forest.

Using a 30 m grid cell, the area-based approach did a poor job of visually capturing
small, isolated and linear woody vegetation features (Figure 6.4c). Increasing the
resolution of the area-based approach to 5 m improved the definition of these
features, however it still resulted in a marked smoothing effect (Figure 6.4d), while
the CHM-based approach better preserved the detail of heterogeneous woody

vegetation (Figure 6.4e).

Table 6.1 Validation of AGWB prediction results for area- and CHM-based models

Independent validation of the three aboveground woody biomass (AGWB) prediction models by land
use/land cover (LULC) class using root mean squared error (RMSE) and the median prediction error
(Bias). LULC classes are the following: HR = hedgerows/live fences; CROP = cropland; PAST =
pasture; BLF = broadleaf forest; MPF = mixed-pine forest; OTHER = teak, coffee and home gardens.

The number of validation plots in each LULC class is indicated by n.

Area-Based (30 m) Area-Based (5 m) CHM-based (5 m)
RMSE RMSE RMSE
LULCClass n  Area (ha) Mg ha' % Bias Mg ha % Bias Mg ha! % Bias
HR 22 0.02-0.30 151.0 98.2 -43 139.7 909 -3.7 1194 77.7 -23
CROP 16 0.10-0.89 49.1 2243 5.9 45.1 206.1 7.3 45.2 206.7 3.9
PAST 10 0.1 1289 137.8 0.8 137.1 146.6 0.9 148.5 158.8 0.2
BLF 6 0.1 57.1 41.9 4.4 56.0 41.1 4.9 64.7 47.5 3.0
MPF 11 0.1-0.97 57.4 31.1 -16 58.4 31.6 -1.7 57.8 31.3 -2.7
OTHER 4 0.1 43.0 66.2 3.9 52.9 815 54 44.8 689 34
OVERALL 69 0.02-0.97 1056 937 0.0 1020 905 -0.2 961 852 0.0
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Figure 6.3 Predicted vs. field-measured AGWB for area- and CHM-based models

Model fit of predicted aboveground woody biomass (AGWB) for independent validation plots (n =
69). Plots (a) and (b) show results from the area-based models with spatial resolutions of 30 m and 5
m (respectively) derived from airborne laser scanning (ALS) plot metrics. Plot (c) shows results of
the CHM-based model using a 5 m resolution ALS-derived canopy height model (CHM). The solid grey
line shows the 1:1 fit and the dotted line shows the linear regression for predicted vs. field-measured

AGWSB for each model.
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Figure 6.4 Select results of mapped AGWB using different approaches and spatial resolutions

Images at 5 m and 30 m resolution of a typical heterogeneous zone within the study area showing (a)
satellite image (RapidEye, 5 m); (b) a canopy height model (CHM) derived from airborne laser
scanning (ALS) data (5 m); (c) predicted aboveground woody biomass (AGWB) from an area-based
model using ALS metrics (30 m); (d) predicted AGWB from an area-based model using ALS metrics
and a moving window (5 m); (e) predicted AGWB from a CHM-based model using the ALS-derived
CHM (5 m). Examples of sample plots used for calibration or validation are shown in red on images

(a) and (b).
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6.3.2 Total AGWB by woody vegetation type

The forest fragmentation index represented the different woody vegetation

components well (Figure 6.5). A total of 21,328 ha of the study area are covered by
woody vegetation = 3 m height. About 33% of this vegetated area is in TOF, mostly
within perforated or patch fragmentation classes. The remaining 67% is in core or

transitional forest classes (Table 6.2).

Between 2.41 - 2.74 million Mg of AGWB are predicted for the study area,
depending on which model is used. Both approaches predict similar amounts of
AGWSB in forest classes, with the area-based approach estimating about 4% more
than the CHM-based approach. The area-based approach predicted about 213,000
Mg (8%) of AGWB in areas known to have no woody vegetation and estimated 21%
less AGWB in TOF compared to the CHM-based approach (Table 6.2), likely due to
the smoothing effect of the area-based approach (see Figure 6.4d). The CHM-based
approach predicts that 22% of all AGWB in the study area is stored in TOF, at an

average areal density of 77 Mg ha1.
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Table 6.2 Total landscape aboveground woody biomass (AGWB) for the study area by forest

fragmentation class

AGWB
Fragmentation Area-based (5 m) CHM-based (5 m)
Area (ha)

Class Mg Mghal % of Total Mg Mghal % of Total
Core 4,470 731,279 164 27% 677,366 152 28%
Transitional 9,812 1,217,884 124 45% 1,189,158 121 49%
Forest Subtotal 14,282 1,949,163 136 71% 1,866,524 131 78%
Riparian/Isolated 436 51,333 118 2% 56,041 129 2%
Perforated 3,973 245,660 62 9% 291,959 73 12%
Patch 2,637 129,737 49 5% 191,042 72 8%
TOF Subtotal 7,046 426,730 61 16% 539,042 77 22%
Vegetation < 3 m 3,324 147,500 44 5% 1,174 0 0%
Non-Vegetation 7,171 212,711 30 8% 0 0 0%
‘Other’ Subtotal 10,495 360,211 34 13% 1,174 0 0%
Total 31,823 2,736,104 86 100% 2,406,740 76 100%
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Figure 6.5 Map showing woody vegetation types based on fragmentation classes for a select area
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6.4 Discussion

6.4.1 Accuracy of AGWB predictions using ALS

Overall RMSE of prediction from area- and CHM-based models were high, but within
the expected range for independently validated AGWB predicted from ALS in a
heterogeneous landscape. Lu et al. (2012) used independent validation and found a
RMSE of 89% for a mountainous landscape in east China with highly variable AGWB.
Other studies report substantially lower RMSE values for ALS-predicted AGWB, but
it is difficult to draw comparisons since most studies tend to either occur in more
homogenous forest landscapes, use larger plots for validation, use cross-validation

methods or simply report the RMSE of model fit.

For example, a study by Asner and Mascaro (2014) used an independent validation
dataset for ALS-predicted biomass C and found RMSE values of about 40 - 70% in
plots smaller than 0.1 ha, and RMSE values declined toward 10% in plots of 1 ha or
greater; however plots were located in mature intact forests with relatively high
biomass and low variation. Another study by Lu et al. (2012) of an intact coniferous
forest reported an RMSE of 34% for their ALS model, but did not report validation

error, independent or otherwise.

A study targeting plots with more variable biomass in Panama reported a RMSE of
about 18% for their ALS model, but also did not report validation error (Mascaro et

al,, 2011b). A nationwide Swiss study encompassing both forests and TOF obtained
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RMSE values of about 40% utilizing a very large number of calibration plots (n =
5,562) and leave-one-out cross-validation (Price et al., 2017). Finally, a meta-
analysis of 57 studies spanning five different forest types found AGWB errors
ranging from around 10 - 60%, although most studies did not use a reserved

independent dataset for model validation (Zolkos et al., 2013).

Accuracies become similar to other studies if model fit is reported (rather than
validation), cross-validation methods are used, or if error is assessed only for forest
sites or larger plots. Looking at just the model fit for the area-based approach, I
found a RMSE of 78% for the 0.1 ha calibration plots (essentially the same error as
that achieved from the satellite-based methods used in Chapter 5). Using leave-one-
out-cross-validation on the 0.1 ha forest plots alone, RMSE reduced to 59%, within
the range found by Zolkos et al. (2013). Looking at independent validation on just
the large plots in this study (> 0.5 ha; n = 6), RMSE reduced to 30% for both the pixel
and area-based approaches. This comparison demonstrates the influence of how

error is calculated, and highlights the importance of using independent validation.

6.4.2 Total AGWB by woody vegetation type

In this landscape, typical of much of Central America, I estimate that TOF contains
about 29% of the AGWB found in forests, similar to values found for other regions
(e.g., Guo et al,, 2014). Accurately quantifying AGWB in TOF is a critical component

for monitoring ecological, economic and social functions of trees (e.g., from
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agroforestry). TOF are becoming an increasing large component of AGWB in many
landscapes (Guo et al., 2014; Price et al., 2017) and many international
environmental organizations require TOF information in their reporting

requirements (Schnell et al.,, 2015).

By developing a CHM-based approach to predict AGWB, I was able to better predict
AGWB in TOF (i.e., hedgerows and agroforestry) compared to an area-based
approach. The area-based approach tended to generalize over vegetation edges, of
which there are many in smallholder landscapes (Figure 6.4). As a result, the area-
based approach appeared to under-predict AGWB in TOF by about 112,000 Mg
compared to the CHM-based approach, and to over-predict AGWB in known non-
vegetated areas by about 213,000 Mg. Price et al. (2017) also found that area-based
ALS models over-predicted AGWB in low-biomass plots compared to national

inventory data within a heterogeneous Swiss settlement.

6.4.3 Strengths, limitations and future directions

In addition to better capturing TOF, the CHM-based approach introduced in this
study offers several distinct advantages. First, it is built from allometric
relationships rather than relying on georeferenced fixed-area plot data. This means
that input data (i.e., individual tree measurements) can be collected at any point in
time and updated as new data become available. Furthermore, allometric equations

can be developed using data from any applicable region, although local data would
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almost certainly improve accuracies, especially if it specifically targets inclusion of
TOF (Schnell et al., 2015). Lastly, the CHM-based approach requires little expertise
and avoids the need for producing 3D grid metrics, which can be computationally
intensive to produce. Thus, this approach shows promise as a simple and
transferable approach to predict AGWB from ALS, especially in operational settings

where ALS coverage is available across broad areas.

However, more research is needed to validate this approach for other regions and
address certain limitations within this study. First, [ note that it was not possible to
develop empirical relationships between height and crown area for this since crown
area measurements were not available. | was able to find DBH-to-crown-area
equations from reasonably similar regions, which highlights the flexibility of this
approach, but ideally empirical site-based relationships between height and crown
area would be developed to better evaluate this method. This supports other recent
calls to measure crown area as an important morphological variable for predicting
AGWB from both field and remote sensing data (Blanchard et al., 2016; Jucker et al.,

2017).

Second, it is unclear whether the CHM-based approach introduced here would work
well at different CHM spatial resolutions and whether an optimal pixel size exists.
Theory might suggest that this method would work best when the pixel size is
roughly equal to the average tree crown area in a landscape. In this study area (La

Mancomunidad), this may occur at about 5 m pixel resolution, while other
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landscapes could be substantially different. Additionally, further exploration is
warranted to assess the potential accuracy benefits of spreading AGWB over the
tree crown. The CHM-based approach effectively distributes AGWB across the entire
tree crown footprint, which, while unconventional, may be reasonable considering a
large portion (up to 77%, by some accounts) of AGWB in tropical trees can be stored
in the crown (Goodman et al., 2014; Jucker et al., 2017). Indeed, Mascaro et al.
(2011b) found that area-based prediction accuracy increased when they distributed
AGWB on a circle representing the expected crown areas of trees within a given
prediction cell. Further testing of the CHM-based approach at different spatial

resolutions and in other regions would help answer these questions.

Finally, recent research shows that equations combining height and crown
dimensions can substantially improve biomass estimation for individual trees
compared to equations using DBH alone (Jucker et al.,, 2017). In this study, I relied
on DBH-to-AGWB equations with the added step of predicting DBH from height.
Algorithms are emerging to detect individual trees with ALS data, enabling remote
measurement of both height and crown area (Allouis et al., 2013; Popescu, 2007;
Popescu and Wynne, 2004; Tao et al., 2014; Véga and Durrieu, 2011). An obvious
next step would be to predict AGWB for individually segmented trees using height
and crown dimensions extracted from ALS, avoiding DBH estimation altogether
(Jucker et al., 2017). While this approach is expected to yield more accurate results

than the CHM-based approach I present here, it is, however, even more
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computationally demanding than the area-based approach and generalized
algorithms have yet to be developed. As AGWB prediction methods based on tree
segmentation continue to be developed, I recommend applying the CHM-based
approach presented here in comparative studies to examine whether it could be an
acceptably accurate method that could be more easily operationalized in

management settings.

6.5 Conclusions

[ introduced a simple CHM-based approach to predict AGWB from ALS, and showed
that overall prediction accuracy was comparable to area-based approaches utilizing
3D metrics from georeferenced calibration plots. The CHM-based approach better
predicted AGWB in TOF (i.e., hedgerows and agroforestry), while the area-based
approach tended to generalize over vegetation edges and under-predict biomass in
TOF. This finding is significant due to the growing interest in monitoring TOF as a
globally important reserve of AGWB. In this study, I found that 22% of AGWB was

stored in TOF.

While other studies have employed area-based regression models to predict AGWB
from canopy height alone (e.g., Asner et al.,, 2012; Asner and Mascaro, 2014; Drake
et al.,, 2002; Price et al,, 2017),  am unaware of any studies predicting AGWB
directly from a CHM using tree-scale allometry, as was done in this study. The CHM-

based approach does not require georeferenced plot data and the allometric
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relationships on which the approach is built can be developed from input data
collected at any point in time and from any applicable region. The flexibility of the
CHM-based approach, combined with improvements in AGWB prediction for TOF,
make it promising as a useful tool for operationalizing AGWB mapping in
heterogeneous landscapes. However, more research is needed to validate the

approach in other regions and at differing spatial resolutions.
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7 Overall conclusions

7.1 Key research findings and contributions

7.1.1 Overarching research objectives

The research presented in this dissertation was designed to address the three

overarching objectives posed in Section 1.2:

(1) Develop, test and validate new methods to quantify multiple ES and
individual ES indicators related to agricultural management at the field scale

(2) Evaluate trade-offs and synergies among ES within the SMAS compared to
other management options for smallholders

(3) Develop methods to map ES indicators and uncertainty in heterogeneous
smallholder landscapes, and apply those methods to address questions about
the potential impacts of widespread SMAS adoption and the implications for

policy design

The first two objectives were addressed at the field scale in Chapters 3 and 4. In
Chapter 3, I built upon PCA methods used to develop indices for other applications
(e.g., soil quality) and employed them to quantify multiple ES. I demonstrated how
this method could be used to evaluate differences between management systems,
and found that synergies among ES occur within the SMAS, while conventional

management shows stronger trade-offs between ES. In Chapter 4 | demonstrated

146



the utility of an underutilized method for measuring hillslope erosion using pins,

and validated its improved performance as an indicator of relative erosion rates.

The third objective was addressed in Chapters 5 and 6. By mapping AGWB-C at high
spatial resolution using satellite imagery (Chapter 5), I showed that the SMAS can
potentially store large amounts of C and that utilizing these maps to target low-C
areas could substantially increase C gains per unit area converted to the SMAS. |
discussed how the uncertainty associated with these maps may have important
implications for how C contracts are developed, and how monitoring at the
watershed or community scale can reduce uncertainty. In Chapter 6, [ developed a
new approach to measure AGWB in heterogeneous landscapes using airborne laser
scanning data. [ showed that this new approach could both improve and simplify
mapping trees outside forests - an important ES indicator for smallholder

landscapes.

The remainder of this section highlights specific research findings from each
chapter at the field and landscape scales, while the subsequent sections (7.2 to 7.5)
discuss the limitations, potential applications and future research directions of my

research.

7.1.2 Field-scale research findings

Results from field-scale research conducted for this dissertation not only offer

insight into the potential ES benefits of climate-smart agriculture in El Salvador, but
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also contribute to a better general understanding of trade-offs and synergies

between ES and provide steps toward operationalizing cost-effective ES monitoring.

In Chapter 3, I empirically demonstrated that the SMAS is an example of an
adaptable agroforestry management system that can provide multiple regulating ES
- approaching that provided by secondary forest-fallows - with potentially minimal
impact on provisioning services. The PCA method I used to empirically weight
indicators by their contribution to overall variance is, to the best of my knowledge,
the first time this method has been applied to develop composite ES indices from
multiple indicators. It is a relatively straightforward and statistically sound way to
objectively weight indicators, and may be useful for designing ES monitoring
strategies and to better understand how individual indicators contribute to overall
service provision. By developing these composite ES indices, | was able to identify
patterns showing that the SMAS better capitalizes on synergies between regulating
and provisioning ES compared to conventional management. Specifically, | found
positive relationships between soil water regulation, pest/disease control and yield,

suggesting synergies with strong theoretical underpinnings.

Results from Chapter 3 also offer promising insight for how to monitor ES in a
practical setting (i.e., for PES schemes). For example, I identified a subset of field
proxies that correlate well with multiple ES. Measuring these simple proxies, rather
than the whole suite of indicators necessary to develop ES indices, could

substantially reduce monitoring costs. Additionally, I found that small trees were
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correlated with different ES than large trees, suggesting that monitoring plans
should be designed to measure trees of all sizes. Analyzing these field proxies can
also inform management recommendations. The presence of a large number of trees
appeared to have no negative impacts on yields, however there was a strong inverse
relationship between canopy cover and yield, suggesting that strategic management

of large trees is necessary to minimize canopy cover and avoid yield reductions.

Chapter 4 sought to improve upon existing strategies to monitor soil erosion - a
notoriously challenging ES indicator to measure. [ evaluated a rarely-utilized
approach for analyzing data from erosion pins using the absolute value of pin height
change, rather than the traditional method of using the net ‘real number’ change in
pin height, which has been used with only limited success. I found that, when using
erosion pins for comparative analysis between land management practices or
monitoring changes in erosion over time, the absolute value of pin height change is
likely a better indicator of erosion than the net real number change in pin height.
The absolute value was better correlated with measured and predicted erosion
rates, and was able to detect significant erosion differences between management-
related soil cover classes, while the net real number value was not. Moreover,
absolute value appears to better capture interactions between slope and cover
management (the major factors driving erosion rates in the experimental plots),

further supporting its suitability as a reliable indicator of erosion.
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My field-scale research findings show that innovative analysis methods can provide
practical monitoring strategies for comparing ES and ES indicators between
agricultural land management alternatives. Only by analyzing multiple ES did a clear
picture of the benefits of the SMAS emerge, and simple field proxies were found to
correlate well with these multiple ES. While ES benefits cannot be quantified using
these field proxies alone, they would indicate relative ES provision and show
promise as a low-cost ES monitoring strategy for smallholder agroforestry.
Similarly, using the absolute value of pin measurements alone has the ostensible
drawback of being unable to quantify soil loss, however it is a better indicator of
relative erosion between management alternatives compared to the net real number
change, which seeks to calculate erosion and deposition rates. These findings
support efforts to identify simple and practical field-scale methods to monitor the
relative provision of multiple ES, rather than focusing on the quantification of a

single ES.

7.1.3 Landscape-scale research findings

While much work has been done to measure AGWB (an important ES indicator)
across landscapes using remote sensing, Chapters 5 and 6 contribute to filling a
research gap by investigating considerations specific to smallholder agriculture.
Extreme spatiotemporal heterogeneity of C stocks exists in smallholder landscapes
due to factors such as shifting cultivation, uneven canopy age-distribution in fallows,

frequent but subtle forest disturbance and integrated crop-livestock systems
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(Maniatis and Mollicone, 2010; Verburg et al., 2009). This results in the need for
monitoring strategies different from those developed for more commonly
monitored LULC transitions such as large-scale deforestation and urban expansion

(Ellis, 2004).

Kearney and Smukler (2016) discussed how it may be particularly important to
move toward wall-to-wall C mapping in smallholder landscapes, as opposed to
relying on a ‘stratify and multiply’ approach where average C stock values are
applied to LULC classes. The heterogeneous and highly disturbed nature of these
landscapes makes it difficult to determine how to define LULC subclasses and large
amounts of C are stored in trees outside of primary forests (e.g., bush-fallows,
agroforests, wooded pastures, hedgerows, etc.). In this latter half of my dissertation,
[ built on existing remote sensing techniques to better capture heterogeneous
AGWB-C stocks utilizing very high spatial resolution satellite imagery and airborne

laser scanning data.

Focusing first on high-resolution satellite imagery, Chapter 5 showed that this data
could be used to quantify AGWB-C at the watershed to landscape scale (100 -
10,000 ha) with uncertainties of less than 5%, even in highly heterogeneous
smallholder landscapes. I suggested that a tendency in the literature to focus solely
on plot-scale uncertainty of AGWB maps, without exploring aggregated uncertainty
at larger scales, may be limiting the operationalization of remote-sensing-based

approaches to monitor AGWB.
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Utilizing the maps developed in this chapter, | demonstrated that agroforestry
adoption would substantially increase C stocks in Central American hillslope
agricultural landscapes. Furthermore, the potential revenue for smallholder
communities from these C gains could be considerable, but is highly dependent on

the price of C and the ability to quantify C storage in a cost-effective manner.

[ discussed how these findings could have important implications for designing C
contracts and monitoring strategies. For example, developing C contracts with
entire communities at the landscape or watershed scale would enable the use of
satellite-based monitoring of AGWB, thereby overcoming some of the
methodological concerns hindering the inclusion of agroforestry in international
and voluntary C agreements (e.g., expensive field campaigns for C monitoring on
individual land holdings). The utility of spatial analysis for project planning is
further underscored by the results of this study, which show that targeting areas
with higher C storage potential results in 46% larger gains for the same area

converted to agroforestry, compared to a random approach.

In Chapter 6, I introduced and evaluated a new approach to mapping AGWB in
smallholder landscapes using airborne laser scanning. While airborne laser
scanning technology has been demonstrated to produce highly accurate AGWB
maps, concerns about the applicability of commonly used area-based models for
heterogeneous smallholder landscapes led me to develop a method to predict AGWB

directly from a canopy height model (CHM). I evaluated the overall accuracy of both
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approaches using validation data and then investigated the difference between
approaches when predicting AGWB in trees outside of forests using a forest

fragmentation index adapted to the study area.

The CHM-based approach I developed improved overall AGWB prediction accuracy
compared with the prevailing area-based approach. The CHM-based approach
better modeled AGWB in small and patchy vegetation classes (e.g., agroforestry,
hedgerows) compared to the area-based approach, which tended to generalize over
vegetation edges - of which there are many in smallholder landscapes - resulting in
under-prediction of AGWB in trees outside forests and over-prediction in bare

lands.

Using the CHM-based approach, I estimated that within the study area landscape,
typical of much of Central America, trees outside forests contained about 22% of all
AGWSB. This supports findings in other regions (e.g., Guo et al,, 2014) that have
indicated trees outside forests are an important and often overlooked C sink in
smallholder landscapes, as well as results from Chapter 3 demonstrating the
multiple ES benefits related to agroforestry, and accurately quantifying AGWB in
trees outside forests is thus a key factor in monitoring ecological, economic and
social functions of trees. The flexibility of the CHM-based approach, combined with
improvements in AGWB prediction for trees outside forests, make it promising as a

useful tool for operationalizing AGWB mapping in heterogeneous landscapes.
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However, more research is needed to validate the approach in other regions and at

differing spatial resolutions.

7.2 Limitations

While my research made progress toward scaling up ES measurement and
monitoring from the field to the landscape, I was only able to apply my methods to
measure AGWB within a single landscape and under a limited number of
management options. There are many similar landscapes across Central America
and in other smallholder regions globally, but results and method applications from
my research may not be generalizable to other landscapes, and further research is
warranted. Even within the study area of northern El Salvador, there are limitations
with respect to conclusions that can be drawn from my research at the field and

landscape scale, each of which are discussed, in turn, below.

7.2.1 Field-scale research limitations

Several factors within the field-scale studies (Chapters 3 and 4) limit the degree to
which conclusions can be drawn from this research. For example, the three-year
study, while no small task, is relatively short to assess the true impacts of CSA
practices such as the SMAS and organic management, and the yield performance of
the conventional system may degrade over time. Many of the benefits of CSA are
expected to be long-term and may take years or decades to be realized; especially

those related to enhanced soil properties from tree-based systems. While my
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research demonstrated some benefits of CSA within the three-year study, many soil-
related benefits where not observed, although it is possible that they would occur
given more time for the SMAS and organic treatments to mature. Additionally,
thresholds or feedbacks may exist that would result in new long-term equilibriums,

potentially quite different from the trajectories observed after just a few years.

The ES indicators and indices measured in the field trials were primarily designed to
assess the ES impacts of tree-based systems (i.e., the SMAS) as compared to
conventional management. Therefore, additional benefits from organic management
observed elsewhere (e.g., increased mycorrhizal colonization, enhanced crop

pollination) may be underestimated.

Yield results reported in Chapter 3 should also be interpreted with caution. Due to
the need to place experimental plots adjacent to each other, lateral shading was
substantial in SMAS treatments converted from forest-fallow and this may have
impacted yields. Furthermore, the SMAS and organic treatments were new and
dynamic systems in this region. Farmers were unfamiliar with management
strategies and, while they did receive substantial training and oversight, the on-farm
and participatory nature of this study likely resulted in a learning curve that may
have impacted productivity. It is possible that, given more experience, farmers could

increase the yields achieved with SMAS and organic management.
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Due, in part, to the limitations mentioned above, I devoted a substantial portion of
my dissertation to the methods used to measure and analyze ES in these systems.
Here, some noteworthy limitations also exist. In Chapter 3, I presented a method to
objectively weight ES indicators using PCA in order to develop comparable ES
indices. While this method can be valuable for research, it ignores some very
important concepts emerging in the ES literature related to ES demand and
stakeholder perceptions. In practice, neither indicators nor indices can be weighted
‘objectively’, as different stakeholders have different perceptions of the relative
value of services (Chan et al,, 2016; Hauck et al., 2013), and demand for services
varies over space and time (Chan et al., 2006). While I was able to identify promising
field proxies that could be measured at low cost and still represent provision of
multiple ES, my examination was limited to a simple correlation analysis and more
research is needed to better understand how well these proxies truly predict ES

provision, for example by evaluating whether non-linearity or thresholds exist.

In Chapter 4, I found that using the absolute value of erosion pin measurements may
better represent soil loss, but this study was limited to a single year and replicated
across just five sites. Given the extreme heterogeneity of this region in factors
known to influence erosion (e.g., precipitation patterns, topography, management),
it would be prudent to repeat this for multiple years and in different landscapes, soil

types and management systems before concluding whether this method should be
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widely employed. [ wrote Chapter 4 as a research note in order to encourage others

to do just that.

7.2.2 Landscape-scale research limitations

In Chapter 5, I discussed how, by using high spatial resolution satellite imagery,
AGWB-C can measured be measured with low uncertainty (< 5%) in aggregation
units of at least 100 ha. This conclusion has potentially important implications for
how C contracts are designed and how compliance is monitored, but relies on the
assumption that the model used to map AGWB is not biased. While an analysis of
model residuals suggested this is true, validation in very large plots would be
required to confirm with certainty that no unexpected bias exists when aggregating

results to much larger areas.

Assuming that AGWB-C estimates from satellite imagery can be highly accurate only
when aggregated to at least 100 ha would support a move toward community-scale
contracting and monitoring, however this may introduce other administrative and
legal challenges to creating such contracts. My research was only able to address
one aspect of monitoring. Furthermore, the methods utilized in Chapter 5 may not
be accessible for all contexts. Very high spatial resolution satellite imagery remains
relatively expensive and methods to produce the spectral and textural variables
used in the development of the model require some degree of GIS training, although

imagery costs are coming down and open-source software is making GIS
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increasingly accessible. I also did not address how map uncertainty would change as
the number and distribution of field plots used for calibration changes, which would

substantially impact costs.

In Chapter 6, I introduced a CHM-based approach to quantify AGWB from airborne
laser scanning that could be a simple and transferrable tool; however, more
research is needed to validate for other regions and contexts and develop more
robust allometric equations to further reduce error. It is unclear whether the
approach would work well across all vegetation structures. For example, different
climates, tree species and distribution may require the use of different spatial
resolutions and an optimal CHM pixel size could exist for different regions. The
propagation of error through the allometric equations used to develop the model
should also be quantified, and further analysis using Monte Carlo simulation and
sensitivity analysis is warranted. Of specific concern are the equations used to
estimate crown area. This parameter is infrequently measured, thus limiting options

for utilizing existing equations or developing new ones.

7.3 Potential applications

7.3.1 Applications of field-scale research

Results demonstrating the multiple ES benefits of the SMAS support the
development of policies to promote its adoption for hillslope maize/bean

production, and have implications for how policies are designed and SMAS
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management is implemented. For example, incentives to adopt the SMAS should be
coupled with training. Chapter 3 demonstrated that careful management is required
to avoid light competition between crops and large trees. Yield impacts can be
minimal if large trees are properly pruned, but increasing canopy cover had
negative impacts on crop production. Financial support may also be necessary to
overcome establishment costs and make up for potential yield reductions, especially
in the early years of the system when farmers are learning how to make it work for

their local conditions.

The methods I used in Chapter 3 to quantify individual ES indicators and develop
composite ES indices could be incorporated into policy design and monitoring
strategies. Empirical weighting of indicators by PCA could be used to compare
stakeholder priorities to an objective method, and would help to identify which
indicators are most important for monitoring. The field proxies identified as being
highly correlated with multiple ES could be incorporated into future studies and
monitoring efforts. These proxies could eventually be used to determine
conditionality for meeting ES provisioning targets or even as a method to tier
payments for ecosystem services (PES), although more research is needed to better

understand relationships between proxies and ES.

The methods I describe in Chapter 4 to analyze data from erosion pins will hopefully
inspire new studies and encourage researchers to revisit old datasets to verify my

findings. If this method is indeed corroborated by other studies, it could renew
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interest in using erosion pins as a simple and low-cost method to measure erosion

in future research and environmental monitoring activities.

7.3.2 Applications of landscape-scale research

I believe my analysis of the uncertainty of AGWB predictions from high spatial
resolution satellite imagery in Chapter 5 has important implications for how C
stocks are monitored using remote sensing. My results suggest that wall-to-wall
AGWB maps developed using spectral imagery, and calibrated with relatively small
plots, are highly accurate at predicting AGWB in areas greater than ~100 ha, even in
heterogeneous smallholder landscapes. If these conclusions are indeed valid, it
would suggest that an over-emphasis has been placed on plot size for model
calibration and that spectral imagery and smaller plots can be used to map AGWB,
provided that the unit of interest is aggregated to at least ~100 ha (e.g., watersheds
or landscapes). As satellite imagery becomes more accessible, this could support the
development of C contracts for agroforestry and other land management practices

that increase biomass in trees outside forests.

My findings from Chapter 6 further support calls to include trees outside forests in C
contracting and accounting by quantifying large amounts of AGWB in trees outside
forests across a smallholder landscape. The method I introduced to map AGWB
could be an appropriate tool to utilize airborne laser scanning in smallholder

landscapes. The CHM-based method was not only more accurate for predicting
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biomass in trees outside forests, it may prove especially useful in management
settings where airborne laser scanning data was not acquired for the purpose of
mapping vegetation (i.e., ground data for AGWB is not available) or resources are
limited. For example, in 2014 the government of El Salvador acquired airborne laser
scanning data for the entire country to improve seismic monitoring and landslide
predictions, but application of this data for quantifying AGWB is limited due to a
lack of ground data and the immense computer processing that would be required

using traditional area-based approaches.

Finally, while measuring AGWB in smallholder landscapes and quantifying the
contribution of trees outside forests are important steps toward leveraging C
financing for practices such as the SMAS, results from Chapter 5 show just how
important the price of C is to the viability of such endeavors. My analysis suggests
that at current C prices, the incentive provided by C payments alone may not be
sufficient for farmers to adopt the SMAS. This finding could further policy-makers’
understanding of where C prices would need to be set in order to making financing
an agroforestry project in this manner viable, and encourage bundling incentives for
C storage with those for other ES expected from the SMAS, as demonstrated in
Chapter 3. For example, Wendland et al. (2010) demonstrated opportunities for

bundling PES for C, water and biodiversity benefits in Madagascar.

161



7.4 Future research directions

7.4.1 Field-scale research directions

Conducting longer field trials (on the order of 5 - 10+ years) should be a priority for
better understanding the ES benefits of the SMAS and other tree-based systems in
smallholder agriculture. These systems are part of long-term rotations, and
understanding the relative trajectories of different management options over time
will require dedicated monitoring. High variability in management and environment
within smallholder landscapes makes it challenging to run comparative studies on
existing farms, and therefore experimentally designed and managed studies are
important. By coordinating research and using common methodologies, progress

toward understanding multiple ES from agriculture could be enhanced enormously.

Interesting opportunities exist to build upon the methods used in Chapter 3 to
develop and evaluate ES indices using PCA-weighted indicators by comparing
results to those obtained under different methods to weight indicators. For example,
regional points-based indices and participatory approaches can incorporate
different contexts and stakeholder values into relative ES weights (Marinidou et al.,
2013; Pagiola et al., 2007; The Plan Vivo Foundation, 2013), it would be helpful to
analyze how different weighting methods would change conclusions about overall

ES provision and trade-offs and synergies among ES.
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In order to fully examine the utility of the erosion pin analysis method described in
Chapter 4, two additional types of analysis are recommended. First, research
comparing the absolute value of pin height change to the net real number value
should be conducted on larger datasets and across a wider variety of field types.
This research could be done using many existing erosion pin datasets where
additional information is available to predict erosion using the Revised Universal
Soil Loss Equation (RUSLE) or collection pits were also installed. Second, I
recommend new field and lab experiments be conducted to explore the potential for
calibrating models to predict actual soil loss based on the absolute value of pin
height change measurements. Such models would enable low-cost measurement of
erosion rates, with benefits for future research comparing land management
impacts on soil loss and for parameterizing landscape models predicting

management-related processes such as sedimentation and eutrophication.

7.4.2 Landscape-scale research directions

In order to validate the supposition in Chapter 5 that AGWB prediction uncertainty
falls exponentially when aggregated into larger units, future studies could make
efforts to obtain ground measurements of AGWB in very large plots (1 - 10+ ha).
Alternatively, AGWB predicted from airborne laser scanning or ground-based LiDAR
could be used as a surrogate for ground measurements in order to estimate AGWB
in very large validation plots. Either way, ideally these studies would develop

prediction models from relatively small plots (~0.1 ha) and validate map results
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using the very large plots. By doing so, one could confirm whether an unbiased
model with high uncertainty at the plot scale can predict AGWB at larger scales with

low uncertainty.

Predicting AGWB in individual trees using airborne laser scanning data may prove
to be the most accurate method for biomass mapping, and great strides have been
made recently to develop algorithms that detect individual trees and delineate their
crowns (Allouis et al., 2013; Popescu, 2007; Popescu and Wynne, 2004; Tao et al.,
2014; Véga and Durrieu, 2011). Recent research shows that equations combining
height and crown dimensions can substantially improve biomass estimation for
individual trees compared to equations using DBH alone (Jucker etal., 2017).
Therefore, studies applying equations developed by Jucker et al. (2017) and others
to trees delineated from airborne laser scanning are encouraged. These studies
could compare the performance of global, regional and local equations to evaluate

the appropriate scale(s) at which equations can accurately be applied.

While such an approach is expected to produce more accurate results than the CHM-
based method introduced in Chapter 6, it would be computationally demanding and
generalized tree-detection algorithms have yet to be developed for monitoring
outside of research applications. By comparison, the CHM-based method may prove
to be a simple and useful management tool. As segmentation algorithms continue to
be developed and used to map AGWB, they could be compared to the CHM-based

method to examine whether it is an acceptably accurate tool. Additionally, the CHM-
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based method should be further tested in other regions using varying spatial
resolutions and allometric models to determine its sensitivity to each of these
factors. Finally, in order to advance the development of segmentation and CHM-
based methods to predict AGWB, crown area should be included in forest

inventories and other studies that measure trees.

7.5 Final reflections

This dissertation underscores the continued need to develop accurate methods for
measuring ES at multiple scales and evaluate trade-offs and synergies between
them. My research addressed these issues by quantifying and comparing multiple ES
from CSA alternatives in smallholder agriculture, and advancing methods to
accurately measure ES in individual fields and across heterogeneous landscapes. My
research also highlights the importance of adapting ES measurement methods into
tools that support decision makers and enable cost-effective monitoring for policies
such as PES. One way to enable such applications is to find simple but effective
monitoring methods, for example by using field proxies (e.g., Chapter 3), finding
novel ways to interpret basic field measurements (e.g., Chapter 4) or developing
generalized and accessible remote sensing applications (e.g., Chapter 6). Regardless
of the complexity of monitoring tools proposed to policy makers, communicating the
uncertainty associated with these tools (e.g., Chapter 5) is critical to support

informed decision-making.
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Designing innovative policy mechanisms to address agriculture’s mounting pressure
on regulating ES will require greater understanding of the impacts of land
management on ES and effective methods to monitor changes over time, both of
which are emphasized by my research. However, in order to develop these policies
in a timely manner to reverse global climate change and address acute issues of
poverty, it should be recognized that there will always be uncertainty and
limitations in our ability to quantify ES. While we should invest in research to
reduce uncertainty and overcome limitations, we must weigh the trade-offs between
increasing certainty and inaction, and consider designing policies in such a way to
incorporate what we do know about ES provisioning, acknowledge what we do not
know, and maintain the flexibility to incorporate new knowledge as becomes

available.
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Appendices

Appendix A

Description of indicator development methods for the water regulation index used in

Chapter 2

[ used a crop water balance model developed by the FAO (1998) to estimate deep
percolation of precipitation and crop water stress during the 2015 growing season.
The model was parameterized using precipitation data and infiltration rates
(described in Section 2.5.2) and calibrated with biweekly soil moisture
measurements taken to 7.9” (20 cm) depth using a FieldScout TDR 100 soil moisture
meter from Spectrum Technologies, Inc. (Aurora, IL, USA). Crop water stress and

deep percolation were calculated as follows.

The FAO model is based on soil water availability and the daily water balance,

expressed in terms of depletion at the end of the day, according to the equation:
Dy; = Dr;1— (P;— RO;) + K ;ET,; + DP; [Equation A.1]
where:

D.i =root zone depletion at the end of day i (mm),
P; = precipitation on day i (mm),

RO; = runoff on day i (mm),
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Ks; = water stress coefficient
ET.; = crop evapotranspiration on day / (mm),

DP; = deep percolation beyond the root zone on day i (mm)

Dr,0 was set as the first day for which VWC was measured (April 30, 2015) and the
model run to through the last day of VWC measurement (December 18, 2015). For
every day that soil VWC was measured in the field, Dr was derived from the

measured soil moisture content as:

D, = 1000(qpc — q;)Z, [Equation A.2]

where grc is the soil field capacity, gi is the measured soil volumetric water content
(VWC) and Z: is the rooting depth (limited to 20 cm as this was the depth of the soil
moisture probe). For all other days without field measurements, daily depletion was
estimated using Equation S1 above. Precipitation (P) and runoff (RO) were
estimated as described in Section 2.5.2. Crop evapotranspiration (ETc) was
estimated using monthly crop coefficients for maize, beans and secondary forests

identified by El Salvador’s National Hydrologic Service (SNET, 2005).

When daily water depletion exceeded readily available water held in the soil, plants
were expected to experience water stress and a water stress coefficient (Ks, ranging

from 0 - 1) was calculated following methods outlined by the FAO (1998). Readily
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available water was calculated as the difference between field capacity and
permanent wilting point. Field capacity was estimated based on the highest VWC
value measured in the field and permanent wilting point calculated from soil
properties (SOM, clay and sand content) using the equation developed by Saxton

and Rawls (2006) for VWC at 1500 kPa.

A Ks coefficient of 1 indicates no water stress and full evapotranspiration rates,
while a coefficient of less than one indicates limited evapotranspiration due to
water stress. I then calculated the number of days for which the coefficient was less
than one and divided by the total number of days during the growing season to
estimate the proportion of days in which crops experienced water stress for each

plot, the Drought stress ES indicator in Table 3.

Any water remaining after subtracting RO and ETc from P was assumed to have
percolated below 20 cm and thus attributed to deep percolation (DP), used as the

Deep percolation ES indicator in Table 3.
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Supplementary Tables for Chapter 2

Table A - 1. Descriptive statistics by treatment for field proxies measured in individual plots
CONV = conventional management; ORG = organic (conventional management without chemical
inputs); SMAS-1 = the slash-and-mulch agroforestry system, converted from CONV; SMAS-2 = the

same as SMAS-1, but converted from FOR and; FOR = forest-fallow. n = 5 for each treatment.

Field Metric [units] CONV ORG SMAS-1 SMAS-2 FOR
Stem Count (All) [trees ha-1]
Mean 517 2433 867 2217 3883
Min 0 1792 250 1708 3125
Max 1042 3625 1542 2750 5500
CV (%) 76.2 34.3 53.9 23.5 25.8
Stem Count (DBH < 10 cm) [trees ha-1]
Mean 433 2000 768 2033 3233
Min 0 1333 208 1500 2417
Max 833 3292 1417 2625 5167
CV (%) 73.7 39.5 58.0 25.0 35.3
Stem Count (DBH 10+ cm) [trees ha-1]
Mean 83 433 98 183 650
Min 0 167 0 83 333
Max 208 833 200 250 833
CV (%) 93.5 58.3 79.8 413 34.4
Canopy Cover [%]
Mean 25 69 36 42 96
Min 7 53 8 22 85
Max 43 93 65 73 100
CV (%) 65.1 24.1 74.3 57.2 6.9
Soil Cover (Visible) [%]
Mean 30 48 36 37 70
Min 3 15 12 3 32
Max 45 77 65 62 93
CV (%) 56.8 48.5 57.2 67.7 33.7
Soil Cover (Biomass) [kg ha-1]
Mean 4422 6685 4033 6225 7635
Min 3352 4718 3504 5168 6730
Max 4778 8143 4653 7195 9825
CV (%) 13.7 19.6 11.6 12.5 16.4
Infiltration [mm ha-1]
Mean 5.52 16.02 11.31 8.99 18.98
Min 1.92 4.72 0.89 0.83 1.02
Max 10.86 40.83 44.67 29.75 62.34
CV (%) 60.1 99.9 166.1 133.0 132.1
Soil Organic Matter [%]
Mean 4.29 4.54 4.10 4.35 4.76
Min 2.86 3.42 3.35 2.86 3.11
Max 5.28 6.66 5.28 6.07 5.97
CV (%) 21.8 27.6 20.0 29.4 24.4
Bulk Density [g cm-3]
Mean 0.94 0.99 0.93 0.89 0.89
Min 0.82 0.83 0.72 0.77 0.72
Max 1.07 1.14 1.16 1.11 1.17
CV (%) 10.4 11.9 18.8 15.2 18.7
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Table A - 2. Select results from principal component analysis of ecosystem service indices

Relative contributions (a.k.a. loadings or rotations) of each ecosystem service composite index to the

first two principle components (PC)

Composite Index PC1 PC2
Production Value -0.4522 0.1557
Pest & Disease Control -0.2276 0.4954
Erosion Control 0.5391 0.3454
Water Regulation -0.3137 0.3640
Soil Composition -0.1305 0.4096
Carbon (C) Storage 0.1659 0.3320
Aboveground Biodiversity (AGBD) 0.5401 0.2889
Belowground Biodiversity (BGBD) -0.1359 0.3423

Table A - 3. Expected benefits, costs and net profit of each maize-bean production system

Based on measured yields, inputs, labor requirements and regional prices in the third year of

production. CONV = conventional management; ORG = organic (conventional management without

chemical inputs); SMAS-1 = the slash-and-mulch agroforestry system, converted from CONV; SMAS-2

= the same as SMAS-1, but converted from FOR and; FOR = forest-fallow.

CONV ORG SMAS-1 SMAS-2
usD ($)
Benefits
Maize 1,403 744 1,385 507
Beans 1,565 1,724 1,266 974
Fuelwood 22 22 33 66
Fruit (Jocote) - - 57 -
Total Income 2,990 2,491 2,741 1,548
Costs
Labor 947 1,307 987 830
Services 114 311 109 34
Inputs * 1,164 4,568 1,110 1,108
Total Costs 2,225 6,186 2,206 1,973
Net Profit 765 (3,696) 535 (425)

* A major contributor to the cost of inputs was composted chicken manure (known locally as boccachi), for which |
used the market price. | should be noted that boccachi could be produced on-farm, provided the farmer has access to
the necessary materials, or replaced with alternatives on-farm, in which case this cost could be reduced substantially.
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Supplementary Figures for Chapter 2

3000 -

2000 -

Weed cover (kg ha™")

-
o
o
o
1

4000 6000 8000 10000
Soil mulch cover (kg ha™)

Figure A - 1. Correlation between weed biomass and soil mulch cover

Pearson’s correlation (r = -0.603, p = 0.001) in all treatment plots (n = 25). Greater soil mulch cover

was highly correlated with less weed presence.
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Figure A - 2. Co-variation of soil properties by treatment and farm location

Distance biplot of the (scaled) first two principal components of soil properties by (a) treatment and
(b) farm location. Little variability in soil properties by treatments is demonstrated by the
overlapping ellipses in (a), while soil properties did vary by site, shown by greater ellipse separation
in (b). For treatments, CONV = conventional management; ORG = organic (conventional management
without chemical inputs); SMAS-1 = the slash-and-mulch agroforestry system, converted from CONV;
SMAS-2 = the same as SMAS-1, but converted from FOR and; FOR = forest-fallow. For soil properties,
BD = bulk density; Ca = calcium; K = potassium; Mg = magnesium; P = phosphorus; pH = acidity and;

SOM = soil organic matter
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Figure A - 3. Correlation between SOM and infiltration rates
Pearson’s correlation (r = 0.443, p = 0.027) for all treatment plots (n = 25). Greater soil organic
matter (SOM) was associated with increased rates of infiltration, as measured using mini-disk

infiltrometer.
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Figure A - 4. Co-variation of non-production ES indices by treatment

Distance biplot of the (scaled) first two principal components of non-production ecosystem service
(ES) composite indices for all treatments: CONV = conventional management; ORG = organic
(conventional management without chemical inputs); SMAS-1 = the slash-and-mulch agroforestry
system, converted from CONV; SMAS-2 = the same as SMAS-1, but converted from forest-fallow and;
FOR = forest-fallow. AGBD and BGBD are aboveground and belowground biodiversity, respectively. C
Storage and Water Regulation are overlaid along to PC1 axis and BGBD and Soil Composition are

overlaid along the PC2 axis, making them difficult to read.
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Appendix B

Allometric equations used to derive aboveground woody biomass
Species-specific equations

The most commonly encountered tree species across all land uses, in terms of total
basal area, were Pinus oocarpa Schiede ex Schltdl. (14.78%), Curatella americana L.
(11.24%), Cordia alliodora (Ruiz & Pav.) Oken (8.20%), Cochlospermum vitifolium
(Willd.) Spreng. (7.20%), Lysiloma divaricatum (Jacq.) J.F. Macbr. (6.83%) and

Gliricidia sepium (Jacq.) Kunth ex Walp. (5.69%).

Species-specific allometric equations (SS1 - SS15) were used to estimate
aboveground woody biomass (AGWB) for all species listed in Table B - 1. A total of
15 species-specific equations were found in the literature from various studies and
deemed appropriate for application to this study. Equations were considered
appropriate if developed from destructive sampling of trees in the same genus
and/or species from locations with a similar climate. All 15 equations came from

studies done in Central America, Mexico or the Caribbean.

The 15 equations were applied to 23 individual species from this study, as
sometimes the equation was developed using multiple species within a single genus.
Species-specific equations were only applied to individual trees from this study
when the measured DBH did not exceed the maximum DBH of the sampled trees

used to develop the equation. When trees measured in this study had a DBH outside
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the species-specific equation’s range, or when a species-specific equation was not
found, one of three appropriate mixed-species equations for trees (M1 - M3) was

used.

Mixed-species equations (DBH > 10 cm)

The equation from van Breugal et al. (2011), referred to as Equation M1 in Table B -
1, was chosen as the primary equation to be used for trees with a DBH = 10 cm
when species-specific equations were not available. Equation M1 was chosen
because: a) it was developed in a similar climate (MAP of 2300mm with dry period
from December to April); b) it was developed for secondary forests (0 - 25 years
after abandonment); c) 7 of the 23 species used to derive the equation were also
found in this study; d) it included a large number of destructively sampled trees
(244) and; e) it provided a conservative equation compared to other identified
mixed-species equations. Equation M1 was therefore used for all remaining species
with DBH = 10 cm but < 29 cm, as 29 cm was the maximum DBH of trees used in the

van Breugal et al. 2011 study.

For remaining trees with DBH > 29 cm, Equation M2 (Chave et al., 2005) was used.
Equation M2 was derived from a compilation of 27 published and unpublished
datasets resulting in a total of 2,410 individual trees. This equation was developed
primarily from undisturbed forests and was therefore not considered appropriate

for use as the primary equation for all trees in this study as most sample locations
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showed evidence of disturbance. However, it is likely appropriate for the large trees
in this study, and this is how it was applied. In total, Equation M2 was used to

estimate the biomass of about 18.5% of the trees in this study.

Mixed-species equations (DBH < 10 cm)

For trees with DBH < 10 cm, Equation M3 (Hughes et al.,, 1999b) was used. I chose
this model, in part, because it was: a) developed specifically for trees with DBH <
10cm; b) developed for secondary forests/fallows in agricultural landscapes; c) was
developed for a similar climate in Mexico (although somewhat wetter with a MAP of
~ 4000 cm) and; d) relatively conservative compared to other models. It also

included four of the same genus and/or species found in this study.

Coppiced trees and diameter-height equations

Any tree in the sampling plots that had been cut through the bole above a height of
1.3 m was noted as “coppiced.” In order to estimate the biomass of coppiced trees, a
discount factor was applied to the expected biomass of the tree had the tree not
been coppiced. The discount factor was calculated based on the expected height of
the coppiced tree based on its DBH and the actual measured height. In order to do
this, mixed-species diameter-height equations were developed using all tree species
in this study for which coppiced individuals were observed and for which height and

diameter measurements were obtained.
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Separate diameter-height equations were derived for trees with DBH = 10 cm and
those with DBH < 10 cm. Fifteen different regression models were tested using
measured diameters and heights of trees to identify which best fit the data.
Fourteen models were chosen from a study by Fang and Bailey (1998) that
compared 33 different diameter-height models for tropical forests in China (Model
No.1-22in Table B - 2 and Table B - 3) along with a standard linear regression
model (Model No. 0). The models chosen from Fang and Bailey (1998) were so
chosen based on their performance in the study and their use in other studies
(Brown et al., 1989; Zeide, 1993). Best fit was determined by comparing the R-

square, root square error (RSE) and Akaike information criterion (AIC) of results.

The final models chosen were:

DBH = 10 cm (Model No. 2): H=-4.493 + 4909 x In(D)

DBH < 10cm (Model No. 3): In(H) = 0.59904 + 0.50059 x In(D)

where, H = expected height and D = diameter at breast height (DBH). When more
than one DBH was recorded for an individual tree (e.g., when branching occurred
below 1.3 m), the maximum recorded DBH was used to develop the height-diameter
equation. The diameter-height equations were then used to predict the expected
height (H) for each coppiced tree based on the measured DBH. The measured height
of the coppiced tree was then divided by the expected height to develop a “discount”

factor (e.g., if the observed height was 10m and the predicted height was 12m, the
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discount factor would be 10/12 = 0.833). This discount factor was then multiplied
by the expected biomass of a full tree with the measured DBH to estimate the actual

biomass of the coppiced tree.

Wood-specific gravity

Wood specific gravity (WSG) was required for Equation M2 (Chave et al., 2005).
WSG was found in the literature for 72 of the 143 trees in the BLA study identified to
the genus and/or species level. For any individual for which no WSG data could be
found I applied a simple arithmetic average of the 72 species. This average ended
up being 0.55, which seems reasonable compared to the averages found for two
well-known studies looking at WSG (among other things) of trees in tropical

climates: 0.54 found by Chave et al. (2005) and 0.6 found by Brown (1997).
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Supplementary Tables for Chapter 5

Table B - 1. Allometric equations used to derive aboveground woody biomass

E‘j:atlon Source Family Scientific name(s) Common name(s) ’[;Al:}il( Complete equation ;ocrtl;erctlon Notes
M1 (van Breugel  Mixed - trees Mixed - trees 29.0 InY =-1.863 + 2.208 x In(D) 1.100 Developed in Panama (MAP of 2300
etal, 2011) mm); see Table 2 in article
M2 (Chave et Mixed - trees Mixed - trees 138.0 Y =p(exp(-1.499 +2.148In(D) + N/A For moist forest with wood specific
al., 2005) 0.207(In(D))"2 - 0.0281(In(D))"3)) gravity (p) and without height
M3 (Hughes et Mixed - trees Mixed - trees 9.9 Y = (exp(4.9375 + 1.0583 1.140 Developed in Mexico (MAP > 4000
al., 1999b) In(DA2)))1.14/10”6 mm); original equation in Mg so final
value divided by 1076 to convert to kg
SS1 (Segura et Boraginaceae Cordia alliodora; laurel 44.0 Log10Y =-0.755 + 2.072 * Log10(D) N/A Developed in Nicaragua (MAP 600 -
al., 2006) Cordia spp. 2000 mm); equation for Cordia
alliodora
SS2 (Segura et Mimosaceae Inga spp. 1; Inga pepeto; pepeto 30.0 Log10Y =-0.889 + 2.317 * Log10(D) N/A Developed in Nicaragua (MAP 600 -
al., 2006) spp. 2; Inga vera; gigante; pepeto de 2000 mm); mixed equation for two
Inga paterno rio; paterna Inga species (I. punctata and I.
Harms tonduzzi); max DBH was estimated
from 2 in article
SS3 (van Breugel  Malpighiaceae Byrsonima mano de leon 23.0 In(Y) =-1.696 + 2.226 * In(D) 1.030 Developed in Panama (MAP of 2300
etal, 2011) crassifolia (L.) mm); see Table 1 in article
Kunth
SS4 (van Breugel  Bixaceae Cochlospermum tecomasuche 20.2 In(Y) =-2.23 + 2.034 * In(D) 1.010 Developed in Panama (MAP of 2300
etal, 2011) vitifolium mm); see Table 1 in article
SS5 (van Breugel Melastomataceae = Conostegia unknown 7.2 In(Y) =-1.354 + 1.952 * In(D) 1.053 Developed in Panama (MAP of 2300
etal., 2011) xalapensis mm); see Table 1 in article
(Bonpl.) D. Don ex
DC.
SS6 (van Breugel  Melastomataceae Miconia argentea sirin; sirin de 22.0 In(Y) =-2.054 + 2.389 * In(D) 1.023 Developed in Panama (MAP of 2300
etal., 2011) (Sw.) DC.; Miconia montafia mm); see Table 1 in article; equation
albicans (Sw.) is for Miconia argentea
Steud.
SS7 (van Breugel  Malvaceae Apeiba tibourbou peine de mico 24.3 In(Y) =-2.788 + 2.27 * In(D) 1.018 Developed in Panama (MAP of 2300
etal., 2011) Aubl. mm); see Table 1 in article
SS8 (van Breugel  Annonaceae Annona anonita o 26.5 In(Y) =-2.772 + 2.562 * In(D) 1.038 Developed in Panama (MAP of 2300
etal., 2011) holosericea Saff.; sincuyita; anona mm); see Table 1 in article; equation
Annona spp. is for Annona spraguei
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E?atlon Source Family Scientific name(s) Common name(s) EA;;: Complete equation ;ocrtfrctlon Notes
SS9 (van Breugel  Ulmaceae Trema micrantha capulin macho 18.6 In(Y) =-2.305 + 2.351 * In(D) 1.033 Developed in Panama (MAP of 2300
etal., 2011) (L.) Blume mm); see Table 1 in article
SS10 (van Breugel  Flacourtiaceae Casearia sylvestris falso almendro 15.1 In(Y) =-1.939 + 2.437 * In(D) 1.013 Developed in Panama (MAP of 2300
etal., 2011) Sw. mm); see Table 1 in article
SS11 (Navar, Mimosaceae Lysiloma sicahuite o 32.6 Y =0.37 * D"1.96 N/A Developed in Mexico (MAP 900 mm);
2009) divaricatum (Jacg.)  sincahuite; mixed equation for tropical dry forest
J.F. Macbr; quebracho developed using 6 species, of which
Lysiloma 26% were L. divaricatum
acapulsence
SS12 (Navar, Pinaceae Pinus oocarpa pino 49.8 Y =0.1354*D"2.3033 N/A Developed in Mexico (MAP 900 mm);
2009) mixed equation for "other pine
species" which includes P. oocarpa
SS13 (Navar, Fagaceae Quercus insignis roble 62.5 Y =0.0890 * D*2.5226 N/A Developed in Mexico (MAP 900 mm);
2009) M. Martens & mixed equation for Quercus spp.,
Galeotti; Quercus primarily Gambel oak (Q. gambelii)
spp. and net-leaf oak (Q. rugosa)
SS14 (Brandeis et  Burseraceae Bursera simaruba jiote 45.0 In(Y) =In[0.307631*D"1.540044 + N/A Developed in Puerto Rico (MAP of 650
al., 2006) 0.072847 * (D72 * H)*0.899279 mm); half of the trees used to develop
this equation were B. simaruba; Max
DBH was estimated from Figure 1 in
article
SS15 Castellanos Rubiaceae Coffea arabica L. café 9.0 Y =0.1955*D"1.648 N/A Developed in Guatemala (MAP of
etal. 2010 2504 mm); equation found in Schmitt-
(cited in Harsh et al. 2012
Schmitt-
Harsh et al.,
2012)

Where Y = total AGWB in kg; D = bole diameter at 1.3m in cm (DBH); H = height in cm; p = wood specific gravity (WSG);
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Table B - 2. Result of analysis of potential diameter-height regression models for large trees (DBH 2 10 cm)

Model No.*  Model form ™ a b c R-square  RSE AIC

0 y=a+b*D 6.0147*** 0.1874*** 0.253 3.83 4620
1 yA-1=a+b*DA-1 0.06352*** 1.02063*** 0.136 0.0562 -2438
2 y =a+b*LOG(D) -4,493%** 4,909%*** 0.243 3.85 4631
3 LOG(y) =a + b*LOG(D) 0.8785*** 0.4506*** 0.203 0.396 829
4 LOG(y) =a + bDA"-1 2.708*** -8.751%** 0.185 0.401 848
5 y=a+bD+cD"2 15.236%** -91.836*** 0.205 3.95 4673
6 y =a+bD"-1 +cD"2 12.6%** -58.3*** 0.00126*** 0.247 3.84 4628
7 y=a* (D"b) 2.4891*** 0.4635*** 3.82 4619
8 y = exp(a +b/(D + 1)) 2.872%** 11.125%** 39 4651
9 y =a * exp(b/D) 17.207*** -9.976*** 3.91 4655
10 y=a*(1-exp(-b * D)) 16.1768*** 0.05%** 39 4652
11 y=a * D/(b+D) 21.56*** 22.35%** 3.86 4636
12 y=(DA2)/(a + b * D)A2 1.61929%**  (0.23030%** 3.89 4646
18 y=a+b*(1-exp(-c* D-Dmin)) 7.63077*** 28.39618(NS)  0.00807(NS) 3.82 4619
20 y =a+b/(D+c) 58.7(NS)  -11322.2(NS) 211.5(NS) 3.82 4619

" Model number refers to Table 4 in Fang and Bailey 1998, except model number 0 which is a standard linear regression

'y = tree height; D = diameter at 1.3m (DBH)

* = significant at p < 0.05; ** = significant at p < 0.01; *** = significant at p < 0.001; (NS) = not significant (p = 0.05)
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Table B - 3. Result of analysis of potential diameter-height regression models for small trees (DBH 1 < 10 cm)

Model No.*  Model form ** a b ¢ R-square RSE AIC
0 y=a+b*D 1.57877*** 0.53308*** 0.4686 1.348 2188.511
1 yA-1=a+b*DA-1 0.217679*** 0.315553*** 0.3348 0.1194 -894.5634
2 y =a+b*LOG(D) 1.37666%** 1.94613*** 0.4419 1.381 2219.758
3 LOG(y) = a + b*LOG(D) 0.59904*** 0.50059*** 0.4634  0.3402 437.5712
4 LOG(y) =a + bDA"-1 1.57144%** -1.01157*** 0.3417 0.3768 567.5305
5 y=a+bD+cD"2 5.0746*** -3.7130%** 0.2903 1.558 2372.589
6 y =a+bD?-1+cD"2 3.387764***  -1.483419***  (0.040115*** 0.4578 1.361 2202.324
7 y=a* (D"b) 1.76563*** 0.56682*** 1.347 2187.671
8 y = exp(a +b/(D + 1)) 2.09863**%*  _3.46825*** 1369  2208.646
9 y =a * exp(b/D) 6.7934*** -1.9181*** 1.41 2245.67
10 y=a*(1-exp(-b * D)) 6.7726%**%  0.22665%** 137  2209.412
11 y=a * D/(b+D) 9.6069%** 5.5846*** 1.362 2201.903
12 y =(DA2)/(a+b * D)2 0.539333*** 0.358106*** 1.381 2219.827
18 y=a+b*(1-exp(-c* D-Dmin)) 1.57630%** 12.29907* 0.05531(NS) 1.347 2188.348
20 y = a+b/(D+c) 22.54*  -630.48(NS) 29.65(NS) 1346  2188.227

" Model number refers to Table 4 in Fang and Bailey 1998, except model number 0 which is a standard linear regression

"y = tree height; D = diameter at 1.3m (DBH)
* = significant at p < 0.05; ** = significant at p < 0.01; *** = significant at p < 0.001; (NS) = not significant (p > 0.05)
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Table B - 4. Results for validation and grid simulation analysis of AGWB-C map uncertainty

Aggregation Unit Area (ha) Measured AGWB-C Mapped AGWB-C Observed Error Map Uncertainty
-------------------- Mg hat -—--memeemeeeeev
Farm Plot (01-02) 0.44 0.2 3.6 1874.0% 70.3%
Farm Plot (01-14) 0.36 2.9 4.7 61.6% 66.2%
Farm Plot (04-10) 0.33 8.1 3.2 60.2% 53.5%
Farm Plot (05-03) 0.62 9.4 3.2 66.3% 47.1%
Farm Plot (06-10) 0.33 1.7 2.9 75.5% 53.6%
Farm Plot (08-07) 0.89 12.7 13.4 5.9% 35.7%
Farm Plot (10-07) 0.46 3.3 5.7 74.6% 47.6%
Farm Plot (14-05) 0.19 1.3 3.7 187.1% 68.4%
Farm Plot (14-05) 0.35 1.8 7.1 297.9% 50.5%
Farm Plot (14-06) 0.54 32.6 15.5 52.4% 39.3%
Forest Plot (N50) 0.96 97.3 101.3 4.1% 38.5%
Grid Simulation 0.1 98.2%
Grid Simulation 1 33.8%
Grid Simulation 10 11.6%
Grid Simulation 100 4.0%
Grid Simulation 1,000 1.3%
Grid Simulation 10,000 0.5%

208



Supplementary Figures for Chapter 5
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Figure B - 1. Spatial autocorrelation of AGWB-C prediction uncertainty

The mean of 1000 variograms run on 1-km x 1-km subsets of the study area for the aboveground woody

biomass carbon (AGWB-C) prediction uncertainty map. Line shows the fit of an exponential model to the final

mean variogram, with a nugget of 0 and an effective range (95% of the sill) of 281 m.
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7.6 Appendix C

Supplementary Table for Chapter 6

Table C - 1. Plot metrics used in random forest modeling to predict AGWB with the area-based approach

Metrics extracted from calibration plot polygons using the CloudMetrics tool in FUSION/LDV. See

McGaughy (2014) for details.

No. Elevation metric No. (cont.) Elevation metric (cont.)

1 Total return count above 1.3 m * 25 Elev L1

2 Return 1 count above 1.3 m 26 Elev L2

3 Return 2 count above 1.3 m * 27 Elev L3 *

4 Return 3 count above 1.3 m * 28 Elev L4 *

5 Return 4 count above 1.3 m 29 ElevL CV

6 Return 5 count above 1.3 m 30 Elev L skewness

7 Return 6 count above 1.3 m 31 Elev L kurtosis *

8 Return 7 count above 1.3 m 32 Elev PO1

9 Return 8 count above 1.3 m 33 Elev PO5

10 Return 9 count above 1.3 m 34 Elev P10 *

11 Other return count above 1.3 m 35 Elev P20 *

12 Elev minimum 36 Elev P25

13 Elev maximum 37 Elev P30

14 Elev mean 38 Elev P40

15 Elev mode * 39 Elev P50

16 Elev stddev 40 Elev P60

17 Elev variance 41 Elev P70

18 Elev CV 42 Elev P75

19 ElevIQ 43 Elev P80

20 Elev skewness * 44 Elev P90

21 Elev kurtosis * 45 Elev P95

22 Elev AAD 46 Elev P99

23 MAD median 47 Canopy relief ratio

24 MAD mode 48 Elev quadratic mean *
49 Elev cubic mean

* Metrics chosen for the reduced random forest model using conditional variable importance ranking
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